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Introduction 

Brain tumors are among the most life-threatening 

neurological disorders, significantly impacting patient 

survival and quality of life. Accurate and early diagnosis 

using neuroimaging techniques, such as magnetic resonance 

imaging (MRI), is critical for effective treatment planning, 

including surgery, radiotherapy, and chemotherapy. 

However, manual tumor annotation in MRI images can be 

time-consuming and labor-intensive, and prone to intra- and 

inter-observer variability, particularly in large-scale clinical 

settings. So, developing automated and precise 

segmentation systems would be a crucial research goal in 

medical image computing.¹⁻⁶ 

In recent years, convolutional neural networks (CNNs) 

have been widely used for brain tumor segmentation, 

achieving state-of-the-art performance on standard datasets 

such as BraTS. Despite their success, CNN-based models 

often struggle to capture long-range contextual relationships 

due to their inherently local receptive fields, which makes it 

difficult to accurately segment tumors with irregular context 

or to distinguish boundaries in heterogeneous regions. 

Moreover, increasing network depth or adding multi-scale 

blocks to improve performance typically results in 

significant computational overhead, limiting feasibility in 

low-resource environments.¹⁴⁻¹⁸ 

With the advent of vision transformers (ViTs), which use 

global self-attention to capture non-local dependencies, the 

landscape of medical image analysis has undergone 

significant advancement.¹⁹⁻²² However, the quadratic 

computational cost of self-attention mechanisms is quite 

high when applied directly to high-resolution medical 
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Abstract 

Background: Accurate and timely segmentation of brain tumors in MRI images is essential for optimal treatment planning. While 

convolutional neural networks (CNNs) have achieved extensive success in medical image segmentation, they have limited ability to 

capture long-range spatial dependencies and often require high computational resources to achieve reasonable accuracy. Vision 

Transformers (ViTs), which utilize global self-attention, offer a promising alternative but are computationally expensive for high-

resolution 3D medical images. In this study, we propose SegViTBT, a lightweight hybrid architecture combining a vision transformer 

encoder with a convolutional decoder for efficient brain tumor segmentation. The model integrates sparse attention to reduce 

computational load and learnable 2D positional embeddings to enhance spatial representation, delivering high accuracy with reduced 

resource demands.  

Methods: The model is trained on MRI images from the BraTS benchmark dataset. Key performance metrics, including dice coefficient, 

accuracy, and loss, are evaluated over 25 epochs during training and validation. A comparison is made against conventional CNN and 

ViT models. 

Results: The proposed SegViTBT model demonstrates a stable learning curve with rapid convergence. It achieves a dice score of 

78.06% on the BraTS dataset, outperforming baseline CNNs and standard ViT implementations while using less than 60% of the 

computational resources. Visual results confirm the model’s ability to delineate tumor boundaries with high precision, even for 

irregularly shaped lesions. 

Conclusion: SegViTBT successfully closes the performance gap between CNNs and ViTs in medical imaging by introducing a 

computationally efficient, pixel-accurate architecture. The model is suitable for deployment in low-resource clinical settings, enabling 

real-time, practical diagnostic support for brain tumor assessment. 

Keywords: Brain tumor segmentation; MRI; Deep learning; Medical Image analysis. 

mailto:moradieh@sbmu.ac.ir
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-1403-0150


Taghavi Bayat et al 

2 Int Clin Neurosci J. Vol 12, 2025 journals.sbmu.ac.ir/Neuroscience http 

 

 

images. Furthermore, naive positional encodings used in 

ViTs are suboptimal for representing rich spatial 

dependencies in two-dimensional medical data. 

To overcome these limitations, our study introduces 

SegViTBT, a lightweight and efficient hybrid architecture 

that leverages sparse self-attention and learnable 2D 

positional embeddings. By combining the strengths of 

transformers in global feature extraction and convolutional 

decoders for pixel-level localization, the proposed method 

offers a balanced solution that enhances segmentation 

quality while minimizing computational load. 

1. The main contributions of this study are 

summarized as follows: 

Lightweight hybrid Transformer–CNN architecture 

(SegViTBT) is specifically designed for brain 

tumor segmentation in MRI. The model preserves 

local spatial precision through convolutional 

encoding while capturing long-range dependencies 

via an efficient Transformer backbone. 

2. Integration of sparse local self-attention reduces the 

quadratic computational cost of global attention to 

approximately linear complexity (O(N)) with 

respect to the number of image tokens, enabling the 

model to maintain competitive accuracy while 

remaining suitable for real-time or resource-limited 

clinical environments. 

3. A learnable 2D positional encoding mechanism is 

tailored to MRI slice geometry, enhancing 

structural consistency across spatial locations and 

improving boundary reconstruction in 

heterogeneous tumor regions. 

4. A parameter-efficient decoder that incorporates 

multi-scale feature fusion achieves acceptable 

segmentation performance comparable to that of 

large ViT-based models, despite using substantially 

fewer parameters. 

Related Works 

Brain tumor segmentation has traditionally relied on 

classical machine learning approaches, such as support 

vector machines (SVMs), random forests, and k-nearest 

neighbors, which extract handcrafted texture- or intensity-

based descriptors from MRI images. Although effective for 

small, controlled datasets, these methods are highly 

dependent on feature engineering expertise and do not 

generalize well across heterogeneous imaging protocols. 

With the advent of deep learning, CNN-based 

architectures—especially U-Net and its numerous 

extensions—have become the dominant solution in medical 

image segmentation. Their hierarchical feature extraction 

enables robust representation learning; however, the use of 

local convolutional kernels limits their ability to model 

long-range spatial dependencies that are crucial for 

capturing irregular tumor shapes, diffuse infiltration, and 

heterogeneous boundaries. Techniques such as dilated 

convolutions or multi-scale aggregation partially alleviate 

these issues but substantially increase computational 

overhead and architectural complexity. 

ViTs have recently emerged as powerful alternatives due 

to their self-attention mechanisms, which naturally encode 

global contextual relationships. Several studies have 

demonstrated that ViTs could match or surpass CNNs in 

tumor segmentation tasks. Although standard ViTs are 

constrained by the quadratic computational complexity 

O(N²) of global self-attention with respect to the number of 

image patches. This makes them inefficient for high-

resolution MRI images and impractical for deployment in 

clinical workflows with limited GPU resources. 

To reduce the gap between CNN efficiency and the 

global modeling capacity of transformers, hybrid CNN–

Transformer architectures have been introduced. While 

these models often improve segmentation accuracy, they do 

not explicitly address the need for lightweight computation, 

reduced memory consumption, or real-time inference—

factors essential for clinical applicability. Furthermore, 

existing hybrids rarely exploit sparse attention mechanisms 

or learnable 2D positional embeddings tailored to the 

structural geometry of MRI data. 

The proposed SegViTBT framework contributes to this 

line of research by (i) incorporating sparse local attention to 

reduce computational cost from quadratic to approximately 

linear order, (ii) employing learnable 2D positional 

encodings to present spatial continuity across MRI slices 

better, and (iii) designing a parameter-efficient decoder that 

balances accuracy and efficiency. These characteristics 

make SegViTBT particularly suitable for resource-limited 

medical environments while maintaining competitive 

performance. 

 

Materials and Methods 

Dataset description 

The proposed SegViTBT model was evaluated using the 

publicly available Brain Tumor Segmentation (BraTS) 

dataset,23 one of the most widely used benchmarks in brain 

tumor analysis. The dataset includes multimodal MRI 

images for each subject, comprising T1, T1-contrast, T2, 

and FLAIR sequences, along with corresponding expert-

annotated segmentation masks. 

• Dataset size: 369 patients (training + validation) 

• Annotation Labels: 

o Necrotic and non-enhancing tumor core 

o Peritumoral edema 

o Enhancing tumor 

Although the BraTS dataset provides multi-class 

annotations, this study focuses on binary whole-tumor 

segmentation (tumor vs. non-tumor), motivated by clinical 

relevance and computational efficiency. Whole-tumor 

delineation represents a critical initial step in diagnosis and 

treatment planning. At the same time, binary segmentation 

reduces model complexity, training instability, and 

computational overhead—aligning with the study’s 

objective of developing a lightweight, deployable 

architecture. 

Preprocessing 

All input MRI images were normalized using a per-volume 

z-score to reduce intensity inhomogeneity. Each 3D volume 

was sliced axially into 2D images of size 256×256 pixels. 

To improve generalization and reduce overfitting, data 
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augmentation techniques were applied, including horizontal 

and vertical flipping, rotation, and random brightness and 

contrast adjustment (Fig. 1). 80% of the dataset was used for 

training, 10% for validation, and 10% for testing. 

Model Architecture: SegViTBT 

A lightweight U-Net-inspired convolutional decoder is 

appended to the transformer encoder to reconstruct pixel-

level segmentation masks from learned features. Skip 

connections between lower-level transformer stages and 

decoder layers would help recover high-frequency boundary 

information.24-28 The SegViTBT architecture is essentially a 

strategic refinement and specialization of the standard ViT, 

enabling it to transition from conventional image 

classification tasks to the more complex, spatially 

demanding task of pixel-wise segmentation. This 

specialization involves three major architectural and 

attention-level modifications that could provide significant 

advantages for brain tumor detection. 

Output Module: Decoder Instead of an MLP Head 

In the conventional ViT, after high-level feature extraction 

through transformer blocks, an MLP Head (a multi-layer 

perceptron) aggregates all output token representations into 

a single vector, which is then mapped to class probabilities 

(e.g., “tumor” vs. “no tumor”). This process inherently 

removes fine-grained spatial information, such as the 

precise location of tumor boundaries. In contrast, 

SegViTBT employs a decoder module after the backbone 

(Fig. 2). The decoder: 

• Performs pixel-wise prediction: It transforms the 

backbone output into a full-resolution 

segmentation mask (256×256) and produces a class 

prediction for every pixel (tumor vs. background). 

• Enables the model to output the exact shape and 

anatomical location of the tumor rather than a 

global yes/no decision—an essential requirement 

in clinical diagnosis. 

Spatial Information Recovery via Skip Connections 

One of the major challenges in applying ViT to segmentation 

is the substantial loss of spatial resolution caused by the 

initial conversion of images into small patches (e.g., 16×16). 

This procedure would eliminate high-resolution and fine-

grained spatial cues that are critical for medical 

segmentation. 

• Standard ViT: Sacrifices spatial granularity in 

favor of global feature extraction, ultimately 

 
 

Figure 1. Sample MRI images with augmentation process. 
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producing only a classification vector. 

• SegViTBT: Incorporates skip connections and 

transfers spatially rich feature maps extracted from 

earlier (shallower) stages of the backbone directly 

to their corresponding decoder layers. 

These skip connections restore essential low-level 

features—such as edges, textures, and local boundaries—

enabling the decoder to reconstruct precise tumor contours 

even after transformer-based compression. This mechanism 

is crucial for segmenting small, irregular, and complex 

tumor structures. 

Attention Mechanism: Sparse Attention Instead of Full 

Global Attention 

Full global attention in standard ViT is computationally 

expensive, particularly for high-resolution medical images, 

which require large memory and substantial processing 

time. SegViTBT does not have this limitation due to 

employing sparse attention within restricted local windows 

(8×8): 

• Full attention: Each patch interacts with every other 

patch in the image. 

• Sparse attention: Each patch interacts only with 

neighboring patches within the defined window. 

Sparse attention is implemented by using fixed local 

attention windows of 8×8 patches. For tokens near image 

boundaries, zero padding is applied to maintain consistent 

window dimensions and prevent information leakage 

between non-adjacent regions. Unlike shifted-window 

mechanisms that alternate attention regions across layers, 

the proposed approach employs static local windows to 

minimize computational overhead while preserving spatial 

coherence. This design ensures that each token attends to a 

bounded and constant number of neighbors, resulting in 

linear computational complexity O(N). 

This approach significantly reduces computational 

complexity and allows the use of a deeper 8-layer backbone 

without demanding high-end hardware. Furthermore, 

because medical image segmentation relies on local features 

(e.g., tumor texture, edges, and boundaries), restricting 

attention to local neighborhoods could actually enhance 

segmentation performance (Table 1). 

Evaluation Metrics 

Model performance was evaluated using: 

• Dice similarity coefficient (DSC): Measures 

overlap between predicted and ground truth masks 

as 

Dice =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

• Accuracy: Fraction of correctly classified pixels as 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

• Qualitative visual analysis: Overlay of 

segmentation output and ground truth as 

IoU =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
    

where true positives (TP), true negatives (TN), false 

positives (FP), and false negatives (FN) can be estimated for 

each model easily. 

 

Results 

The performance of the SegViTBT model was assessed by 

using the BraTS dataset. As shown in Table 2, the proposed 

model achieved high segmentation accuracy while 

 
 

Figure 2. The SegViTBT architecture. 

Table 1. Model architecture parameters. 

Parmeter Value  

Optimizer Adam with initial learning rate 3×10−43 

Batch Size 16 

Epochs 25 

Loss Function A combination of binary cross-entropy (BCE) and dice loss 

Hardware 

 
Google Colab with NVIDIA T4 GPU 
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maintaining computational efficiency. The model 

outperformed standard CNNs and baseline ViT models in 

terms of Dice score and accuracy, while using nearly half as 

many trainable parameters. For fair comparison, all baseline 

models were trained under identical conditions, including 

the same dataset splits (80/10/10), preprocessing pipeline, 

optimizer (Adam), learning rate, batch size, and number of 

epochs. 

The confusion matrix  (Fig. 3) indicates that SegViTBT 

achieves higher true-positive and true-negative rates than the 

baseline ViT and CNN models, resulting in improved dice 

score and accuracy. The first model demonstrated 

exceptional performance in distinguishing brain tumors 

from normal tissues. This model could correctly identify a 

very large portion of actual tumor pixels; in other words, 

very little tumor tissue was missed (higher sensitivity of 

SegVITBT,  𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦SegVITBT = 80.13%, 

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦ViT = 69.58% and 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦CNN =

62.53%). At the same time, this model was highly accurate 

in its prediction, less frequently marking healthy tissues 

(background) as tumor by mistake (higher precision of 

SegVITBT,  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛SegVITBT = 76.10%, 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛ViT = 63.72% and 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛CNN = 55.36%,). 

The result of this performance is an outstanding overlap 

between the tumor area predicted by the model and the 

actual tumor, indicating a robust, low-error algorithm 

suitable for research and even clinical use.  The second 

model is also good and acceptable in the medical domain, 

but it has more errors than the first one. This model identifies 

a considerable portion of the actual tumor but misses more 

Table 2. Performance Comparison on BraTS dataset. 

 U-Net (CNN-based) ViT-Base (Full 

Attention) 

SegViTBT (Proposed) 

Parameters (M) 34.5 85.6 21.3 

Training Time (min) 52 71 39 

Dice score 58.72 66.53 78.06 

Sensitivity  62.53 69.58 80.13 

Specificity 99.58 99.67 99.79 

Precision 55.36 63.72 76.10 

IoU 0.34 0.49 0.64 

Accuracy  99.27 99.42 99.63 

 

 
 

Figure 3. Confusion Matrix of the (a) CNN, (b) ViT, and (c) SegVITBT models. 
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of the real tumor tissue than the first model. Furthermore, it 

has lower predictive precision, incorrectly flagging more 

healthy tissues as tumors. This issue decreases its overlap 

with the actual tumor. Despite these weaknesses, this model 

remains a strong research tool, though less reliable than the 

first and requiring greater scrutiny for sensitive applications. 

The BraTS dataset exhibits severe class imbalance, with 

tumor regions occupying a substantially smaller proportion 

of voxels than background tissue. This imbalance can bias 

models toward background prediction, leading to reduced 

sensitivity despite high overall accuracy. The proposed 

SegViTBT model demonstrates improved robustness to 

class imbalance, achieving higher sensitivity and precision 

simultaneously, which indicates more reliable tumor 

localization under skewed class distributions. 

These results show that the SegViTBT model achieves 

state-of-the-art performance while reducing computational 

time by 38% and parameter count by 75% relative to a 

standard ViT model. Figs. 4 and 5 illustrate the model's 

learning behavior during training and validation over 25 

epochs. The loss function shows a consistent decrease, while 

the dice score improves steadily, indicating effective 

convergence without significant overfitting. 

• The proposed SegViTBT architecture achieves an 

 
 

Figure 4. Training and validation loss over epochs. 

 
 

Figure 5. Dice score (training vs validation) across epochs. 
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average dice score of 78.06%, competitive with 

larger models. 

• Sparse attention and 2D positional embeddings 

significantly reduce computational load with 

minimal performance loss. 

• The model is suitable for real-time processing in low-

resource clinical environments (e.g., on modest 

GPUs such as NVIDIA T4 or cloud-based platforms). 

Table 3 summarizes the computational complexity of the 

proposed SegViTBT and four representative baselines. The 

complexity is expressed in asymptotic Big-O notation with 

respect to the number of image tokens N induced by the 

patching strategy (16×16 patches on 256×256 slices) . 

SegViTBT employs local (sparse) self-attention with a 

constant window size, meaning per-token attention cost is 

bounded by a fixed number of neighbors. As a result, the 

overall attention cost scales linearly as O(N). In contrast, 

standard ViT-style architectures like ViT-Base, UNETR, 

TransUNet, and TransBTS compute pairwise interactions 

among all tokens, resulting in quadratic complexity of 

𝑂(𝑁2). This difference in computational complexity makes 

SegViTBT more efficient for practical use in resource-

constrained clinical environments, where reducing 

computation and memory requirements is essential. It's 

important to note that implementation-specific parameters, 

such as patch size, attention window, and number of 

transformer layers, influence these complexity labels. If a 

baseline uses a windowed or shifted attention mechanism, 

its scaling may approach O(N), while if SegViTBT's 

attention window or connectivity increases proportionally to 

 
 

Figure 7. Sample segmentation outputs generated by 

SegViTBT, Left: Original MRI slice, Middle: Ground truth 

mask, Right: Predicted segmentation + overlay. 

 
 

Figure 6. Sample segmentation outputs generated by 

SegViTBT, Left: Original MRI slice, Middle: Ground truth 

mask, Right: Predicted segmentation + overlay. 
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N, its complexity would shift toward 𝑂(𝑁2). 

 

Discussion 

The proposed SegViTBT model offers a robust, 

computationally efficient solution for brain tumor 

segmentation from MRI images by overcoming the 

fundamental limitations of both conventional CNN-based 

models and standard Vision Transformers. While CNN 

architectures such as U-Net are useful for capturing local 

spatial details, their limited receptive fields limit their ability 

to model long-range contextual dependencies, which are 

essential for accurate segmentation of heterogeneous and 

irregular tumor regions.²⁹⁻³³ On the other hand, Vision 

Transformers benefit from global self-attention but incur 

quadratic computational cost and lose fine-grained spatial 

features due to patch partitioning. 

SegViTBT effectively bridges this gap through its 

lightweight hybrid design, where sparse self-attention 

captures global dependencies, substantially reducing 

memory usage, and the convolution-based decoder, 

equipped with skip connections, restores spatial precision 

for delineating tumor boundaries. This balance retains 

sensitivity to subtle tumor regions while keeping the 

parameter count low. It reduces inference time, making it 

more suitable for practical deployment in low-resource or 

real-time clinical environments. 

Quantitative findings demonstrate that SegViTBT 

achieves superior dice scores and accuracy while using 

significantly fewer parameters than both CNN and baseline 

ViT architectures. These results confirm the effectiveness of 

leveraging hybrid attention-driven global reasoning and 

localized convolutional reconstruction. Qualitative 

visualization also highlights the model's reliability in 

identifying irregular tumor shapes, low-contrast areas, and 

diffuse boundaries, which are often limitations of traditional 

segmentation pipelines. 

Despite its strengths, it has certain limitations. First, the 

model operates on 2D axial slices, thereby neglecting cross-

slice spatial coherence observed in 3D anatomical structures. 

Second, high performance is partly attributed to thorough 

preprocessing, including normalization and augmentation, 

which may vary across institutions. Additionally, the current 

design performs binary segmentation of the entire tumor 

region, whereas clinical workflows often require 

discriminating multiple sub-regions, such as edema, 

enhancing tumor, and necrotic core. While multi-class tumor 

sub-region segmentation is clinically valuable, it typically 

requires deeper architectures and higher computational cost. 

By focusing on whole-tumor segmentation, SegViTBT 

demonstrates that accurate and robust tumor localization can 

be achieved with significantly fewer parameters, making it 

more suitable for real-time and resource-constrained clinical 

settings. 

To address these limitations, future work may focus on 

extending the model to 3D hybrid Transformer–CNN 

architectures to maintain volumetric spatial continuity 

across slices better. Moreover, incorporating multimodal 

data, including complementary MRI sequences and even 

cross-domain imaging modalities such as CT and PET, 

could improve the model’s ability to differentiate tumor 

structures. Transition from binary segmentation to multi-

class segmentation of tumor sub-regions enables more 

clinically relevant analysis for treatment planning. In 

addition, integrating more advanced explainable AI 

techniques beyond Grad-CAM may enhance interpretability 

and increase clinician trust in automated predictions. From a 

deployment perspective, hardware-aware optimization 

strategies, such as model pruning, quantization, and 

lightweight architectural redesign, can enable real-time 

inference on edge devices used in clinical environments. 

Finally, more generalizable studies on multicenter datasets 

will be essential for evaluating robustness to acquisition 

variability and ensuring reliable performance across diverse 

 
 

Figure 8. Sample segmentation outputs generated by 

SegViTBT, Left: Original MRI slice, Middle: Ground truth 

mask, Right: Predicted segmentation + overlay 
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real-world scenarios. 

Overall, our study shows SegViTBT provides 

meaningful improvements over traditional segmentation 

methods by combining the global contextual strength of 

transformers with the localization precision of CNNs, while 

requiring far lower computational resources. Therefore, the 

proposed framework could represent a practical and scalable 

step toward the real-world adoption of transformer-

enhanced segmentation in neuro-oncology, facilitating 

earlier diagnosis, improving treatment planning, and 

ultimately enhancing patient outcomes. 

 

Conclusion 

This study introduces SegViTBT, a lightweight hybrid 

Transformer–CNN architecture designed for efficient and 

accurate brain tumor segmentation in MRI images. By 

employing sparse attention and learnable 2D positional 

embeddings, the model achieves state-of-the-art 

performance while reducing computational demands. These 

results suggest that SegViTBT can bridge the gap between 

high-precision segmentation and low-resource deployment, 

making it a promising tool for real-world clinical 

integration. Future developments may include: Extending 

the model to 3D MRI volumes; Exploring cross-modality 

training (e.g., integrating CT and PET); and incorporating 

interactive or explainable AI to increase clinician trust. 

Overall, SegViTBT demonstrates the feasibility of 

deploying transformer-based architectures in practical 

neuroimaging workflows and enables faster, more reliable 

tumor diagnosis, directly improving patient care and 

treatment planning. 
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Figure 9. Sample segmentation outputs generated by SegViTBT, Left: Original MRI slice, Middle: Ground truth mask, Right: Grad-

CAM. 
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