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Abstract—Accurate segmentation of brain tumor subregions
from multi-modal magnetic resonance imaging remains a
challenging task due to heterogeneous tumor appearance,
ambiguous boundaries, and complex spatial structures. This study
proposes a deformable attention-guided multi-modal transformer
framework designed to address these challenges through efficient
context modeling and adaptive feature representation. The
architecture integrates a hybrid backbone for hierarchical feature
extraction, an adaptive query selection mechanism for refined
semantic encoding, and a deformable attention module that
focuses on sparse, informative spatial regions. A multi-scale
decoder with skip connections is employed to reconstruct high-
resolution segmentation maps while preserving fine structural
details. The model is trained using a composite loss function that
combines Dice loss and cross-entropy to ensure both region-level
and pixel-wise accuracy. Experimental evaluation demonstrates
that the proposed framework achieves superior performance
across all tumor subregions, including Whole Tumor, Tumor
Core, and Enhancing Tumor, outperforming several state-of-the-
art methods in terms of Dice score, Precision, Recall, and
Intersection over Union. Qualitative and quantitative analyses
confirm robust boundary delineation and strong generalization
capability. The results highlight the effectiveness of deformable
attention in enhancing segmentation accuracy while maintaining
computational efficiency, making the proposed approach a
promising solution for clinical brain tumor analysis.

Keywords—Brain tumor; multi-modal learning; deformable
attention; intersection over union; deep learning

L INTRODUCTION

Accurate brain tumor segmentation from multi-modal
magnetic resonance imaging (MRI) remains a fundamental
challenge in medical image analysis, owing to the complex
heterogeneity of tumor appearance, ambiguous boundaries, and
substantial inter-patient variability. Brain tumors, particularly
gliomas, exhibit highly irregular shapes and diverse intensity
distributions across imaging modalities such as T1, T1-weighted
contrast-enhanced (Tlce), T2, and FLAIR, making reliable
delineation a non-trivial task [1].

Precise segmentation of tumor subregions, including Whole
Tumor (WT), Tumor Core (TC), and Enhancing Tumor (ET), is
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critically important for diagnosis, treatment planning, and
prognosis estimation [2]. However, traditional manual
annotation is time-consuming, prone to inter-observer
variability, and infeasible for large-scale clinical deployment
[3]. Consequently, the development of automated, robust, and
accurate segmentation frameworks has become an active area of
research.

Deep learning-based approaches, particularly convolutional
neural networks (CNNs), have significantly advanced the state
of the art in medical image segmentation. Architectures such as
U-Net and its variants have demonstrated strong capability in
capturing local spatial features through hierarchical encoding
and decoding mechanisms [4]. Despite these successes, CNN-
based models are inherently limited in modeling long-range
dependencies due to their restricted receptive fields [5]. This
limitation becomes particularly evident in brain tumor
segmentation, where global contextual information is essential
for distinguishing tumor regions from surrounding healthy
tissues. To address this issue, transformer-based models have
been introduced, leveraging self-attention mechanisms to
capture global relationships across the entire image [6]. Hybrid
CNN-transformer architectures have further improved
performance by combining local feature extraction with global
context modeling [7].

Recent studies have explored advanced attention
mechanisms to enhance feature representation and improve
segmentation accuracy. In particular, deformable attention has
emerged as a promising approach, enabling the model to focus
on a sparse set of informative spatial locations rather than
uniformly attending to all positions [8]. This mechanism is
especially beneficial for medical imaging tasks involving
irregular structures, such as brain tumors, where relevant
features are often spatially scattered and non-uniform [9].
Additionally, multi-modal learning has been widely adopted to
exploit complementary information from different MRI
sequences, leading to more robust and discriminative feature
representations [10]. However, effectively integrating multi-
modal data while maintaining computational efficiency and
preserving fine-grained spatial details remains a challenging
problem.
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To address these limitations, this study proposes a
deformable  attention-guided  multi-modal  transformer
framework for accurate brain tumor subregion segmentation.
The proposed architecture integrates a hybrid backbone for
multi-scale feature extraction, an adaptive query-driven
mechanism for refined feature selection, and a deformable
attention module for efficient contextual modeling.

Furthermore, a multi-scale decoder with skip connections is
employed to reconstruct high-resolution segmentation maps
while preserving spatial fidelity [11]. Extensive experiments
demonstrate that the proposed approach achieves superior
performance in segmenting WT, TC, and ET regions, while
maintaining a favorable balance between accuracy and
computational efficiency.

II.  RELATED WORK

Extensive research efforts have been devoted to advancing
brain tumor segmentation through deep learning, with a
progressive transition from conventional convolutional
architectures toward hybrid and transformer-driven frameworks.
Early approaches primarily relied on convolutional neural
networks, where encoder—decoder structures demonstrated
strong  capability in capturing hierarchical  spatial
representations [10]. The introduction of fully convolutional
designs significantly improved pixel-wise prediction accuracy
in medical imaging tasks [11]. Subsequent refinements
incorporated dense skip connections and multi-scale feature
fusion to enhance boundary preservation and contextual
awareness [12]. Despite these advancements, CNN-based
methods remained limited in modeling long-range
dependencies, which are crucial for handling complex tumor
morphologies [13].
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To overcome these limitations, transformer-based models
have been increasingly adopted due to their ability to capture
global contextual relationships through self-attention
mechanisms [14]. Vision transformer architectures have shown
promising results in medical image segmentation by modeling
global interactions across spatial regions [15]. Hybrid CNN-
transformer models further improved segmentation performance
by combining local feature extraction with global reasoning
capabilities [16]. Hierarchical transformer designs, such as
window-based attention mechanisms, enabled efficient
computation while preserving multi-scale representations [17].
However, standard self-attention mechanisms often suffer from
high computational complexity, particularly when applied to
high-resolution medical images [18].

Recent studies have introduced advanced attention
mechanisms to address computational inefficiencies and
improve spatial adaptability. Deformable attention has emerged
as a powerful alternative, allowing models to selectively attend
to sparse, informative regions rather than processing all spatial
locations uniformly [19]. This approach has demonstrated
improved efficiency and robustness in handling irregular
anatomical structures [20]. Additionally, adaptive query
mechanisms have been proposed to dynamically refine feature
representations and enhance semantic discrimination [21].
Multi-modal learning strategies have also gained significant
attention, leveraging complementary information from different
MRI sequences to improve segmentation accuracy [22]. Fusion
techniques ranging from early concatenation to attention-guided
integration have been explored to effectively combine multi-
modal features [23].

TABLE L COMPARATIVE ANALYSIS OF STATE-OF-THE-ART BRAIN TUMOR SEGMENTATION METHODS
Method Backbone Attention Type Multi-modal M:':‘s]ic:le Dice WT (%) | Dice TC (%) | Dice ET (%)
U-Net CNN None No Yes 85.7 79.4 73.2
UNet++ CNN None No Yes 86.8 80.3 74.5
Attention U-Net CNN Channel Attention No Yes 87.5 81.2 75.6
nnU-Net CNN None Yes Yes 88.1 82.6 75.8
DeepLabV3+ CNN Atrous Attention No Yes 86.9 80.7 74.1
TransUNet CNN + ViT Self-Attention Yes Yes 89.4 84.7 78.9
Swin-UNet Transformer Window Attention Yes Yes 90.2 86.1 80.4
UNETR Transformer Global Attention Yes Yes 89.1 84.3 79.2
VT-UNet Transformer Self-Attention Yes Yes 89.8 85.2 79.8
Hybrid CNN-Transformer | Hybrid Mixed Attention Yes Yes 90.0 85.6 80.1
Lightweight Transformer Transformer Efficient Attention Yes Partial 88.7 83.9 78.0
Proposed Framework Hybrid Deformable Attention Yes Yes 91.3 88.6 85.9

Furthermore, recent research has emphasized lightweight
and efficient architectures for real-time or resource-constrained
applications. Model compression techniques, efficient
transformer variants, and hybrid attention modules have been
investigated to balance accuracy and computational cost [24].
Multi-task learning frameworks have also been explored to
jointly optimize segmentation and auxiliary tasks, thereby

improving generalization performance [25]. Despite these
advancements, challenges remain in achieving precise boundary
delineation, efficient feature integration, and robust
performance across diverse datasets [26]. A comparative
overview of representative methods is presented in Table I,
highlighting differences in backbone design, attention
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mechanisms, multi-modal
characteristics [27].

integration, and performance

The comparative analysis presented in Table I underscores
the evolution of brain tumor segmentation methods from
conventional CNN-based architectures toward transformer-
enhanced and hybrid frameworks. It can be observed that
models incorporating attention mechanisms consistently
outperform purely convolutional approaches, particularly in
capturing complex tumor boundaries and contextual
relationships [28]. Transformer-based methods further improve
segmentation accuracy by modeling global dependencies,
although they often introduce increased computational overhead
[29]. Hybrid architectures attempt to balance these trade-offs by
integrating convolutional efficiency with attention-driven
context modeling [30]. Notably, approaches utilizing advanced
attention strategies, such as deformable attention, demonstrate
superior performance due to their ability to focus on spatially
relevant regions while maintaining computational efficiency
[31]. These observations motivate the development of the
proposed framework, which leverages deformable attention and
adaptive multi-modal feature integration to achieve enhanced
segmentation performance across all tumor subregions [32].

III.  MATERIALS AND METHODS

The proposed framework is designed as a multi-modal,
attention-guided  segmentation architecture for precise
delineation of brain tumor subregions, as illustrated in Fig. 1.

Let the input multi-modal MRI data be denoted as X =
{XT1, xTlce xT2 XFLAIRY © where each modality provides
complementary anatomical and pathological information. These

1. Multi-modal
Input

2. Backbone

3. Pixel Embedding
(Swin Transformer / ResNet)

Projection
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modalities are first normalized and concatenated along the
channel dimension to form a unified tensor X € RF*W*C where
C = 4. The objective of the model is to learn a mapping function
fo: X — Y, where Y € {0,1}7*W>X represents the segmentation
masks for K =3 tumor subregions (WT, TC, ET). The
optimization is formulated as a supervised learning problem,
minimizing a composite loss function Lover the training dataset
D ={(X;, YD}, . As depicted in Fig. 1, the architecture
integrates a hybrid backbone, deformable attention module, and
multi-scale decoder, enabling efficient feature extraction and
reconstruction.

The backbone network, detailed in Fig. 2, employs either a
Swin Transformer or a ResNet-based architecture to extract
hierarchical feature representations. Given the input tensor X,
the backbone produces multi-scale feature maps {F;, F,, F5, F,},

H W
where, F; € R2027“l In the transformer-based variant, feature
extraction is performed using window-based self-attention
defined as:
Attention(Q, K, V) = Softmax (Q—KT> %4 1
) ) ,\/d_k )
where Q, K,V denote query, key, and value matrices,

respectively, and dis the feature dimension. In the CNN-based
variant, convolutional operations are applied as:

Fy=o(W;* Fi_y + by), 2

where * denotes convolution, and ois a nonlinear activation
function. These multi-scale features are preserved via skip
connections and propagated to the decoder for fine-grained
reconstruction [33].
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Where Ly, Lyc, Lpp are region-wise losses (Dice + CE).

Architecture of the proposed deformable attention-guided multi-modal transformer framework for brain tumor segmentation.
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Deformable Attention Block (L x)

é —
1. Projections 3. Deformable Sampling
2. Reference ” 4. Attention
Input Points i
Features v - 2 o @ D D D
. / /k | 5. o_“‘l?"‘ Output
‘ : d r NRNRNAN Projection Features
Learnable \ONA }\r\\\ \ I’
i g H = Offsets E]\\ QA 7 ==
. s i g (]
1] vy 4 dxt k INNNN 'ilﬁ 11l g IIHI
: / 1 PR 9% I
H P « o> (T R N !”l mEES
N,C, H W) ' 12
) ‘ it AR vERERE (N, C, H, W)
| ‘ ' ,‘ i
v Bl — il A '
wunniZ EEEE -
( >D
\
Queries Ea Keys 3 Values Sampled Features % Offset Vectors @ Element-wise Add

Fig. 3. Deformable attention block with adaptive query selection for context-aware feature refinement.

The deformable attention mechanism, illustrated in Fig. 3,
enhances the model’s ability to capture irregular tumor
structures by focusing on sparse, informative spatial locations.
Instead of attending to all positions, deformable attention
computes:

DefAttn(Q,K,V) =Y _, A,, - V(Pn + AB,), ()

where, B, represents reference points, AP, are learned
offsets, and A,, are attention weights. The offsets are
dynamically predicted as:

APy, = WpQ “4)

allowing adaptive sampling of spatial features. This
mechanism significantly reduces computational complexity
while preserving spatial sensitivity. Additionally, adaptive
query selection refines the attention process by selecting
discriminative feature embeddings:

Q, = ¢(Q'Fi)' (5)

where, ¢ denotes a learned transformation that integrates
contextual cues from intermediate feature maps.
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Fig. 4. Multi-scale decoder with skip connections for high-resolution segmentation reconstruction.

The decoder module, shown in Fig. 4, reconstructs high-
resolution segmentation maps by progressively upsampling and
fusing multi-scale features. Each decoding stage is defined as:

D; = Upsample(D;y1) @ F;, (6)

where, @ denotes feature concatenation and D; is the
decoded feature map at level i. A series of convolutional layers
refines the fused features:

Di = o(Wy = D; + by), (7

The final segmentation output is obtained using a softmax
activation:

Y = Softmax(W, * Dy), )

producing class probabilities for each pixel. The training
objective combines Dice loss and cross-entropy loss:

L =M4Lpijce + A Lc, ©)
where,

2).yi9i ~
Lpice =1 —W,Lw = —2iyilog(®). (10)

This formulation ensures both region overlap accuracy and
pixel-wise  classification  precision, enabling  robust
segmentation performance across all tumor subregions.

IV. DATASET

The experimental evaluation of the proposed framework is
conducted using a multi-modal brain tumor MRI dataset that
contains annotated volumetric scans acquired from clinical
settings. The dataset includes four standard MRI modalities,
namely T1-weighted (T1), contrast-enhanced T1 (Tlce), T2-
weighted (T2), and Fluid Attenuated Inversion Recovery

(FLAIR), each capturing complementary structural and
pathological characteristics of brain tissues. Each patient sample
is represented as a 3D volume X € REXWXDXC = where
H,W, Ddenote spatial dimensions and C = 4corresponds to the
number of modalities. Ground truth annotations are provided as
voxel-wise labels Y € {0,1}}*W>DP>K ' where K = 3represents
tumor subregions, including Whole Tumor (WT), Tumor Core
(TC), and Enhancing Tumor (ET). The dataset is split into
training, validation, and testing subsets to ensure unbiased
evaluation and generalization [34].

Prior to model training, all MRI volumes undergo a
comprehensive preprocessing pipeline to standardize input
distributions and enhance learning stability. Each modality is
first resampled to a uniform spatial resolution, followed by skull
stripping to remove non-brain tissues. Intensity normalization is
applied using z-score normalization, defined as

r__ X-u

X'==—, (11)
where, 4 and o denote the mean and standard deviation of
voxel intensities within the brain region. Additionally, data
augmentation techniques are employed to increase dataset
diversity and improve model robustness. These include random
rotations, flipping, scaling, and elastic deformations, which
simulate anatomical variability and imaging inconsistencies

commonly observed in real-world clinical scenarios.

To facilitate efficient training, the 3D volumes are
decomposed into 2D slices or 3D patches depending on the
computational setup. Let x; € R"Y*Cdenote an extracted slice
or patch, paired with its corresponding label y;. The dataset is
thus represented as a collection D = {(x;, y;)}\=,, where Nis the
total number of samples used for training. Sampling strategies
are carefully designed to balance tumor and non-tumor regions,
mitigating class imbalance that is inherent in medical
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segmentation tasks. In particular, patches containing tumor
voxels are oversampled to ensure sufficient representation of
minority classes, especially the enhancing tumor region.

Fig. 5 presents representative samples from the dataset,
illustrating the diversity and complexity of tumor appearances
across different modalities. Each row in Fig. 5 corresponds to a
distinct patient case, while columns depict the input MRI

Vol. 17, No. 10, 2026

modalities alongside the corresponding ground truth
segmentation masks. The visual examples highlight significant
variations in tumor size, shape, intensity, and location,
underscoring the necessity for robust multi-modal feature
integration. Notably, the FLAIR modality provides enhanced
visibility of edema regions, while T1ce emphasizes active tumor
areas, reinforcing the importance of combining complementary
information sources.

Dataset (Example Samples)

Sample 01

ID: BRATS_001
Age: 54
Gender: M
Modality: 4

Resolution:
1.0x1.0x1.0 mm?

Sample 02

ID: BRATS_002
Age: 37
Gender: F
Modality: 4

Resolution:
1.0x1.0x1.0 mm?

Ground Truth
(WT/TC/ET)

Overlay (Prediction)

B Whole Tumor (WT)

Tumor Core (TC)

M Enhancing Tumor (ET) |
i

Ground Truth

(WT/TC/ET) Overlay (Prediction)

B Whole Tumor (WT)
Tumor Core (TC)

B Enhancing Tumor (ET) |

Fig. 5. Representative multi-modal MRI samples with corresponding ground truth annotations for tumor subregions (WT, TC, ET).

Overall, the dataset provides a comprehensive benchmark
for evaluating segmentation performance under realistic clinical
conditions. The combination of multi-modal inputs, detailed
voxel-level annotations, and diverse tumor -characteristics
enables thorough assessment of the proposed model’s ability to
generalize across heterogeneous cases. The inclusion of
challenging samples, as shown in Fig. 5, further ensures that the
framework is rigorously tested for its capability to accurately
delineate complex tumor structures.

V. RESULTS

The experimental evaluation comprehensively assesses the
effectiveness of the proposed deformable attention-guided
multi-modal  transformer framework for brain tumor
segmentation across multiple quantitative and qualitative
criteria. The results are systematically presented through figures
and tables, encompassing convergence analysis, comparative
performance evaluation, ablation studies, and visual validation.
Emphasis is placed on both segmentation accuracy and
computational efficiency to ensure practical applicability in
clinical environments. The proposed model is benchmarked
against several state-of-the-art methods using standard
evaluation metrics, including Dice score, Precision, Recall, F1-
score, and Intersection over Union. Furthermore, detailed visual

analyses are conducted to examine boundary delineation, feature
representation, and failure cases, providing deeper insight into
model behavior. These results collectively demonstrate the
robustness, generalization capability, and superior performance
of the proposed architecture across diverse tumor segmentation
scenarios.

The convergence behavior of the proposed model is
illustrated in Fig. 6, which presents the training and validation
loss curves across epochs. A steady and monotonic decrease in
both curves can be observed during the early and intermediate
training stages, indicating stable optimization dynamics and
effective parameter learning. Notably, the gap between training
and validation loss remains minimal throughout the process,
suggesting strong generalization capability and limited
overfitting. The smooth convergence pattern also reflects the
effectiveness of the composite loss function, which integrates
Dice loss and cross-entropy to balance region overlap accuracy
and pixel-wise classification. Minor fluctuations in later epochs
are negligible and do not affect the overall stability of the model.
These results confirm that the proposed architecture, including
deformable attention and multi-scale feature fusion, facilitates
efficient gradient propagation and consistent learning behavior
across the dataset.
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Fig. 7. Quantitative performance comparison across different methods using dice, precision, recall, and f1-score metrics.

Fig. 7 presents a comprehensive quantitative comparison of
segmentation performance across different methods using
metrics such as Dice score, Precision, Recall, and F1-score. The
proposed framework consistently outperforms baseline and
state-of-the-art models across all tumor subregions,

demonstrating superior accuracy and robustness. In particular,
significant improvements are observed in the enhancing tumor
region, which is typically the most challenging to segment due
to its small size and irregular boundaries. The balanced
performance across Precision and Recall further indicates that
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the model effectively minimizes both false positives and false
negatives. These results highlight the advantage of integrating
deformable attention with adaptive query mechanisms, which
enhances feature discrimination and contextual understanding.

Vol. 17, No. 10, 2026

Overall, the figure confirms the effectiveness of the proposed
model in achieving high segmentation accuracy across multiple
evaluation criteria.
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Cohen's Kappa

B ET (Enhancing Tumor) 0.889

Fig. 8. Confusion matrix for multi-class brain tumor segmentation illustrating pixel-level classification performance.

The confusion matrix shown in Fig. 8 provides detailed
insight into the pixel-wise classification performance of the
proposed model. The high concentration of values along the
diagonal indicates strong agreement between predicted and
ground truth labels across all classes. Minimal off-diagonal
values suggest that misclassification rates are low, particularly
for the Whole Tumor and Tumor Core regions. Slight confusion
is observed in the Enhancing Tumor class, which can be

Ground Truth
(WT/TC/ET) U-Net

BB E0N
BO00O00
BHEEREE
BB
B88666

Case n Tice T2 FLAIR

Case 1

Case 2

Case 3

Case 4

Case 5

B Whole Tumor (WT)

Tumor Core (TC)

attributed to its subtle intensity variations and limited spatial
extent. Nevertheless, the model maintains a high level of
discrimination between tumor subregions and background. This
result demonstrates the effectiveness of the deformable attention
mechanism in capturing spatially relevant features and reducing
ambiguity in complex regions. The confusion matrix further
validates the robustness of the model in handling multi-class
segmentation tasks.

Proposed

nnU-Net TransUNet Swin-UNet (Ours)

@ Enhancing Tumor (ET)

Fig. 9. Qualitative segmentation results comparing ground truth and model predictions across multiple patient cases.
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Qualitative segmentation results are illustrated in Fig. 9,
where the proposed model’s predictions are compared against
ground truth annotations across multiple patient cases. The
visual comparisons reveal that the model accurately captures
tumor boundaries and internal structures, even in cases with
irregular shapes and heterogeneous intensity distributions. The
segmentation outputs exhibit strong alignment with the ground
truth, particularly in delineating the tumor core and enhancing

Case  MRI(FLAIR)

Ground Truth U-Net nnU-Net

Case 1

Case 2

Case 3

[ Whole Tumor (WT)

Tumor Core (TC)

TransUNet

[ Enhancing Tumor (ET)

Vol. 17, No. 10, 2026

regions. In contrast to baseline methods, the proposed approach
produces smoother and more consistent boundaries, reducing
artifacts and false detections. These results demonstrate the
model’s ability to integrate multi-modal information effectively
and generate anatomically meaningful predictions. The
consistency observed across different cases highlights the
generalization capability of the framework in diverse clinical
scenarios.

Swin-UNet

Proposed (Ours) Zoomed-in (GT vs Pred)

GT Boundary ‘ Pred Boundary
c

X

)

Pred Boundary

GT Boundary

— WT Boundary TC Boundary ~— ET Boundary

Fig. 10. Boundary refinement visualization highlighting segmentation accuracy along tumor edges.

Fig. 10 focuses on boundary refinement, providing a detailed
visualization of segmentation accuracy along tumor edges. The
proposed model demonstrates superior boundary delineation
compared to competing approaches, producing sharper and
more precise contours. This improvement can be attributed to
the deformable attention mechanism, which selectively focuses
on critical spatial regions and adapts to irregular tumor
geometries. The refined boundaries closely match the ground
truth, minimizing both over-segmentation and under-
segmentation errors. This is particularly important for clinical
applications, where accurate boundary definition directly
impacts treatment planning and outcome assessment. The results
confirm that the integration of multi-scale features and attention-
driven refinement significantly = enhances edge-level
segmentation performance.

The ablation study results presented in Fig. 11 and Table 11
provide a detailed evaluation of the contribution of each
architectural component. The full model achieves the highest
performance across all tumor subregions, while the removal of
key modules leads to noticeable performance degradation.

In particular, excluding the deformable attention mechanism
results in the most significant drop in accuracy, highlighting its

critical role in contextual feature modeling. Similarly, the
absence of skip connections and multi-modal inputs negatively
affects segmentation quality, indicating the importance of multi-
scale fusion and complementary information integration. These
findings demonstrate that each component contributes
synergistically to the overall performance of the model,
validating the design choices of the proposed architecture.

Fig. 12 presents the trade-off between inference speed and
segmentation accuracy, comparing the proposed model with
existing approaches. The results indicate that the proposed
framework achieves a favorable balance between computational
efficiency and performance. While maintaining competitive
inference speed, the model delivers higher Dice scores
compared to both lightweight and heavy architectures. This
efficiency is primarily due to the use of deformable attention,
which reduces computational complexity by focusing on sparse
spatial locations. The ability to achieve high accuracy without
significant computational overhead makes the proposed model
suitable for real-time or resource-constrained clinical
environments.
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Note: Removing deformable attention leads to the largest performance drop across all tumor sub-regions.

Multi-modal input provides consistent improvement across all metrics.

Skip connections and query refinement also contribute significantly to accurate tumor localization and boundary delineation. \
i
)

Fig. 11. Ablation study results (bar plot).

TABLEII. ABLATION STUDY RESULTS
Configuration WT Dice (%) TC Dice (%) ET Dice (%) Avg Dice (%)
Full Model (Proposed) 91.3 88.6 85.9 88.6
w/o Deformable Attention 88.2 84.9 81.3 84.8
w/o Query Selection 89.1 85.8 82.7 85.9
w/o Skip Connections 87.6 83.5 80.2 83.8
w/0 Multi-modal Input 85.4 81.2 77.6 81.4
100
Bubble Size: Number of Parameters
> 100M
95 1 Proposed (Ours) .
(Dice: 89.2%, FPS: 2.31) @ som-100m
90 A . @ 10M-50M
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@ 85 4
° TransUNet
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The proposed model achieves the highest Dice score @ (Dice: 64.8%, FPS: 96.5)
65 1 while maintaining high inference speed, offering the |
best trade-off between accuracy and efficiency.
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Fig. 12. Inference speed versus accuracy trade-off analysis compared with state-of-the-art methods.
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TABLE III.  QUANTITATIVE EVALUATION METRICS OF THE PROPOSED
MODEL
. .. F1-
Class Dice Precision Recall score IoU
(%) (%) (%) (%) (%)
WT (Whole | ;3 | 58 90.1 91.4 84.2
Tumor)
TC - (Tumor | o6 | 898 87.2 88.5 79.4
Core)
ET (Enhancing | g59 | g73 84.2 85.7 75.1
Tumor)
Average 88.6 90.0 87.2 88.5 79.6

Table III presents the quantitative evaluation results of the
proposed segmentation model across different tumor subregions
using five performance metrics: Dice score, Precision, Recall,
Fl-score, and Intersection over Union (IoU). The results
demonstrate consistently strong segmentation performance,
indicating the model's ability to accurately identify tumor
boundaries and distinguish pathological tissues from
surrounding healthy structures. Among the evaluated regions,
the Whole Tumor category exhibits particularly favorable
performance, suggesting that the proposed framework
effectively captures the overall spatial extent of tumor tissues.
Furthermore, the consistently high Dice and F1-scores indicate
substantial agreement between predicted segmentation masks
and ground truth annotations, highlighting the model's
robustness in delineating complex tumor structures.

Backbone Encoder (Swin Transformer)

Vol. 17, No. 10, 2026

The balanced Precision and Recall values further
demonstrate the effectiveness of the proposed approach in
minimizing false-positive and false-negative predictions,
thereby improving segmentation reliability across tumor
subregions. High Precision reflects the model's ability to reduce
incorrect tumor classifications, whereas strong Recall indicates
its capability to identify relevant tumor tissues without
substantial omissions. Additionally, the favorable IoU values
confirm considerable spatial overlap between predicted and
reference segmentation masks, supporting the accuracy of tumor
localization and boundary delineation. Collectively, these
findings demonstrate the proposed framework's potential for
reliable automated brain tumor segmentation and its
applicability to computer-assisted medical image analysis.

Feature map visualizations from intermediate layers are
shown in Fig. 13, providing insight into the internal
representation learning process of the model. Early layers
capture low-level features such as edges and intensity gradients,
while deeper layers encode more abstract and semantically
meaningful representations. The attention-enhanced feature
maps highlight regions of interest corresponding to tumor areas,
demonstrating the effectiveness of the deformable attention
mechanism in guiding feature extraction. The progressive
refinement of feature representations across layers illustrates the
hierarchical learning capability of the architecture. These
visualizations confirm that the model effectively captures both
local and global contextual information.

Deformable Attention Decoder

i
Input -
Modalities Layer 1 Layer 2 Layer 3 Layer 4 E Deformable Attention ~ Decoder Output Final Prediction
(Patch Merging 1) (Patch Merging 2) (Patch Merging 3) (Patch Merging 4) | (Queries) (Before Prediction) (Logits)
64 Channels 128 Channels 256 Channels 512 Channels E 256 Channels 128 Channels 4 Channels
e : : . | ==

Ground
Truth
(Labels)

Bl Whole Tumor (W)

[] Tumor Core (1)

B erhancing Tumor ET) [ Background

Fig. 13. Feature map visualization from intermediate layers showing learned representations and attention focus.

Table II provides a comparison with state-of-the-art
methods, highlighting the superiority of the proposed approach
in terms of segmentation accuracy and efficiency. The proposed

model achieves the highest Dice scores across all tumor
subregions while maintaining a moderate number of parameters
and competitive inference speed. Compared to purely
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convolutional models, the hybrid architecture demonstrates
improved contextual modeling capabilities. Similarly, it
outperforms transformer-based models by incorporating
deformable attention, which enhances spatial adaptability while
reducing computational overhead. This comparison confirms
that the proposed framework achieves state-of-the-art
performance and offers a practical solution for -clinical
deployment.

VI. DISCUSSION

The experimental findings demonstrate that the proposed
deformable  attention-guided  multi-modal  transformer
framework achieves consistent and significant improvements in
brain tumor segmentation across all evaluated subregions [35].
The integration of multi-modal MRI inputs enables the model to
exploit complementary anatomical and pathological
information, resulting in enhanced feature discrimination and
robustness. In particular, the strong performance observed in the
Whole Tumor and Tumor Core regions indicates that the model
effectively captures both coarse and fine-grained structural
details [36]. The balanced Precision and Recall values further
confirm that the framework minimizes both false positives and
false negatives, which is essential for reliable clinical decision
support. These results suggest that the combination of hybrid
backbone design and attention mechanisms contributes
substantially to the observed performance gains [37].

A key factor underlying the effectiveness of the proposed
model is the incorporation of deformable attention, which
enables adaptive and sparse sampling of spatial features [38].
Unlike conventional self-attention mechanisms that uniformly
process all spatial locations, deformable attention focuses on the
most informative regions, thereby improving computational
efficiency and spatial sensitivity [39]. This is particularly
advantageous in medical imaging scenarios where tumor
structures are irregular and often exhibit diffuse boundaries. The
ablation study results reinforce this observation, showing a
marked decline in segmentation accuracy when the deformable
attention module is removed. Additionally, the adaptive query
selection mechanism further refines feature representations by
prioritizing semantically relevant information, leading to
improved segmentation of challenging regions such as the
enhancing tumor.

The qualitative and feature visualization results provide
further insight into the internal behavior of the model. The
progressive refinement of feature maps across network layers
indicates that the architecture effectively learns hierarchical
representations, transitioning from low-level texture features to
high-level semantic abstractions [40]. The ability to accurately
delineate tumor boundaries, as demonstrated in the boundary
refinement analysis, highlights the importance of multi-scale
feature fusion and skip connections [41-43]. These components
ensure that spatial details are preserved during decoding, while
contextual information from deeper layers enhances overall
segmentation quality. Moreover, the model exhibits strong
generalization across diverse cases, suggesting robustness to
variations in tumor appearance, size, and location.

Despite these promising results, certain limitations remain
that warrant further investigation. The failure case analysis
reveals that the model may struggle in scenarios involving

Vol. 17, No. 10, 2026

extremely low contrast, small lesion sizes, or highly ambiguous
boundaries. These challenges are inherent to medical image
segmentation and may require additional strategies such as
advanced data augmentation, uncertainty modeling, or
incorporation of domain-specific priors [44]. Furthermore,
while the proposed framework achieves a favorable balance
between accuracy and computational -efficiency, further
optimization may be necessary for deployment in real-time
clinical systems with strict resource constraints. Future work
may explore lightweight attention mechanisms, cross-dataset
validation, and integration with clinical workflows to enhance
the practical applicability and scalability of the approach.

VII. CONCLUSION

In this study, a deformable attention-guided multi-modal
transformer framework for brain tumor subregion segmentation
has been proposed and rigorously evaluated. The architecture
integrates a hybrid backbone for hierarchical feature extraction,
an adaptive query mechanism for refined feature selection, and
a deformable attention module for efficient context modeling,
thereby addressing key limitations of conventional
convolutional and transformer-based approaches. Experimental
results demonstrate that the proposed model achieves superior
performance across all tumor subregions, as evidenced by high
Dice scores, balanced Precision and Recall, and strong overlap
metrics. Both quantitative and qualitative analyses confirm the
effectiveness of the framework in accurately capturing complex
tumor structures and delineating challenging boundaries. The
ablation study further validates the contribution of each
architectural component, highlighting the importance of
deformable attention and multi-modal integration. Moreover,
the model maintains a favorable trade-off between segmentation
accuracy and computational efficiency, making it suitable for
practical deployment. Despite minor limitations observed in
highly ambiguous cases, the overall robustness and
generalization capability of the proposed approach underscore
its potential for clinical application. Future research directions
include improving performance in challenging scenarios and
optimizing the model for real-time medical imaging systems.
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