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Abstract

Background: Accurate segmentation of brain tumors from multi-modal magnetic reso-
nance imaging (MRI) is essential for diagnosis, treatment planning, and therapy mon-
itoring. However, this task remains challenging due to tumor heterogeneity, irregular
boundaries, and the complex anatomical structure of surrounding tissues. In particular,
precise delineation of tumor sub-regions—including whole tumor, tumor core, and enhanc-
ing tumor—continues to be a major limitation of existing automated methods. Methods: In
this study, we propose a novel hybrid CNN–Transformer framework that integrates local
feature extraction with global contextual modeling for improved brain tumor segmentation.
The architecture consists of three main components: a dual-pathway encoder for capturing
fine-grained and contextual features, a multi-scale feature fusion module based on spatial
pyramid pooling with dense connections, and a boundary-aware attention decoder de-
signed to enhance segmentation accuracy around tumor edges. The model utilizes four MRI
modalities (T1, T1ce, T2, and FLAIR) to capture complementary tumor characteristics. In
addition, a hybrid loss function combining Dice, focal Tversky, and boundary losses is em-
ployed to address class imbalance and improve boundary precision. Results: Experimental
results on the BraTS 2023 dataset demonstrate superior performance, achieving Dice scores
of 92.3%, 88.7%, and 84.5% for whole tumor, tumor core, and enhancing tumor, respectively,
while maintaining high computational efficiency. Conclusion: The proposed framework
achieves accurate and robust brain tumor segmentation by effectively integrating local and
global features, demonstrating its potential for automated multi-modal MRI analysis in
clinical practice.
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1. Introduction
Brain tumors are among the most severe and life-threatening neurological disor-

ders. Gliomas, which account for roughly 80% of all malignant primary brain tumors,
are classified by the World Health Organization (WHO) into different grades based on
histopathological features [1]. Glioblastoma multiforme (Grade IV), the most aggressive
form, is associated with poor prognosis and high mortality [2]. Accurate segmentation
of tumor sub-regions in MRI is essential for clinical decision-making, including surgical
planning, targeted radiotherapy, and treatment response monitoring. Yet manual segmenta-
tion by radiologists is labor-intensive, prone to inter-observer variability, and increasingly
impractical due to the growing volume of medical imaging data [3].

Multi-modal MRI offers a comprehensive view of tumor characteristics by combining
complementary sequences [4]. T1-weighted scans reveal anatomical detail, T1ce highlights
active tumor regions, T2-weighted images capture tissue water content, and FLAIR se-
quences help visualize peritumoral edema. While integrating these modalities improves
diagnostic accuracy, it introduces significant computational complexity for automated
segmentation systems [5].

Recent advances in deep learning, particularly convolutional neural networks (CNNs),
have substantially improved medical image segmentation. Architectures like U-Net have
become widely adopted due to their effectiveness in capturing spatial and semantic fea-
tures [6]. However, CNNs are inherently limited in modeling long-range dependencies,
which are crucial for understanding global anatomical context. Vision transformers over-
come this limitation using self-attention mechanisms that capture global relationships, but
they often miss fine-grained local details necessary for precise boundary detection [7].

Segmenting brain tumors presents several unique challenges: (1) high heterogeneity
in tumor size, shape, and location; (2) irregular and poorly defined boundaries, especially
at infiltrative margins; (3) severe class imbalance, with enhancing tumor regions often
representing a small fraction of the overall volume; (4) the need to simultaneously segment
multiple sub-regions with distinct clinical implications; and (5) the high computational
demands of processing 3D volumetric MRI data [8].

To address these challenges, this study introduces a hybrid segmentation framework
that combines the strengths of CNNs and vision transformers. A key innovation is the
integration of a boundary-aware attention mechanism specifically designed to improve
accuracy at tumor margins—regions that are both difficult to delineate and critical for
clinical decision-making [9]. The goal of this work is to develop an efficient and accurate
segmentation model that can generalize across tumor grades and support future clinical
translation and motivate further multi-center validation studies.

The contributions of this work are summarized as follows:

− We introduce a boundary-aware attention formulation that incorporates boundary
probability maps as an explicit attention prior rather than treating boundaries solely
as an auxiliary supervision signal.

− We propose a learnable Sobel-initialized boundary representation that preserves the
inductive bias of classical edge detectors while adapting to MRI-specific tumor charac-
teristics through end-to-end optimization.
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− We design a time-dependent hybrid loss strategy that progressively shifts the optimiza-
tion objective from coarse region learning toward fine-grained boundary refinement.

− We integrate these components into a unified CNN–Transformer framework that
effectively combines local texture information, global contextual representations, and
adaptive boundary modeling for multi-modal brain tumor segmentation [10].

Although several boundary-aware segmentation methods have been proposed, most
of them rely on either fixed edge operators or auxiliary boundary supervision. Fixed
gradient operators such as Sobel or Laplacian filters are unable to adapt to the substantial
variations in tumor appearance, scanner characteristics, and image contrast encountered
in multi-center MRI datasets. Similarly, boundary losses improve optimization during
training but do not explicitly incorporate boundary information into the feature represen-
tation during inference. As a result, existing approaches often struggle with infiltrative
tumors and poorly defined tumor margins, where boundary information is weak and
highly variable.

To address these limitations, we introduce a learnable Sobel-initialized boundary
representation integrated directly into the attention mechanism. The proposed module
uses Sobel-like filters only as a prior initialization and subsequently updates the filters
during training to learn task-specific and data-adaptive boundary patterns. The resulting
boundary probability map is incorporated as an explicit attention bias, enabling the network
to preferentially focus on anatomically uncertain regions and improving delineation of
complex tumor boundaries.

2. Related Works
CNNs have played a foundational role in medical image segmentation, particularly

following the advent of fully convolutional networks [11,12]. Architectures such as U-Net,
with their symmetric encoder–decoder structure and skip connections, have established
themselves as standard baselines for biomedical segmentation tasks [13,14]. Extensions
to this design have introduced enhancements like 3D convolutions for volumetric data,
attention mechanisms to suppress irrelevant background features, and dense connections
that facilitate feature reuse and improved gradient propagation [15].

Further progress has been driven by frameworks that prioritize optimized training
strategies over architectural complexity [16]. For example, auto-configuring pipelines
that adjust preprocessing, augmentation, and hyperparameters have achieved state-of-
the-art results across diverse datasets. Nevertheless, CNNs remain limited by the in-
herently local receptive field of convolutional operations, restricting their capacity to
capture global contextual relationships—an important limitation in brain tumor segmenta-
tion, where pathological structures may span distant regions and involve complex spatial
interactions [17].

Transformers, initially designed for natural language processing, have recently shown
promise in visual domains, including medical image analysis [18,19]. Pure transformer-
based models have demonstrated competitive performance in image classification tasks,
provided that training datasets are sufficiently large. Hybrid architectures combining
transformers with convolutional components have been introduced to leverage both global
context modeling and local spatial precision, enhancing segmentation accuracy [20].

Hierarchical transformer models using window-based self-attention mechanisms have
further improved scalability and computational efficiency [21]. When adapted to 3D
medical imaging, such architectures have demonstrated strong performance in segmenting
volumetric data. Despite these advancements, transformer-based models often suffer from
over-smoothing effects and reduced sensitivity to fine anatomical details, particularly
around object boundaries. Additionally, the quadratic complexity of self-attention with
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respect to input size presents practical challenges for high-resolution 3D segmentation
applications [13].

Effective integration of multi-modal MRI data is crucial for accurate brain tumor
segmentation, as different sequences provide complementary diagnostic information. Early
fusion approaches treat all modalities equally by concatenating them at the input level,
while late fusion combines modality-specific outputs at the decision stage. Intermediate
fusion methods strike a balance, integrating features across modalities at various stages of
the network to enhance feature representation [22].

More sophisticated techniques employ attention mechanisms to dynamically model
the contribution of each modality. However, many existing methods fail to account for the
variable relevance of different modalities across tumor sub-regions. For instance, contrast-
enhanced T1-weighted images are particularly informative for enhancing tumor regions,
while FLAIR sequences are more suited for edema detection [23]. Addressing this, adaptive
fusion strategies have been proposed to assign spatially-aware weights to each modality,
improving both robustness and interpretability.

Attention mechanisms have become integral in guiding neural networks to focus
on the most salient features during segmentation. Spatial attention helps localize key
anatomical regions, while channel attention emphasizes informative feature maps [24].
Self-attention mechanisms have also been employed to capture long-range dependencies,
enhancing contextual understanding beyond local neighborhoods [25].

While attention-based models have improved segmentation accuracy, particularly
in complex anatomical scenarios, boundary-specific attention remains relatively under-
explored. Precise boundary delineation is clinically critical, especially in brain tumor
segmentation, yet many models treat boundary refinement as a separate task or rely on
post-processing. Integrating boundary-aware attention directly within the segmentation
network enables joint learning of regional and edge-level features, leading to improved
structural accuracy and more reliable clinical outcomes [26].

Designing effective loss functions is essential in medical image segmentation, espe-
cially given the high degree of class imbalance typical in brain tumor datasets. Region-
overlap losses, such as Dice loss and its variants, are widely used to address imbalance by
focusing on foreground regions [27]. Complementary approaches, including focal loss and
Tversky loss, enhance sensitivity to underrepresented classes and penalize specific types of
misclassification [28].

More recently, several advanced hybrid architectures have been proposed for brain
tumor segmentation. ReHyDIL [29] introduced a residual hybrid deep interaction learning
strategy that improves feature exchange between convolutional and transformer represen-
tations and demonstrated competitive performance on recent BraTS benchmarks. Similarly,
DFuse-Net [30] proposed a dual-feature fusion mechanism that combines multi-scale con-
textual representations and cross-modal interactions to improve segmentation robustness.
These methods highlight the growing trend toward integrating local and global represen-
tations through increasingly sophisticated fusion mechanisms. Nevertheless, most recent
approaches still rely on implicit boundary modeling and do not explicitly incorporate
adaptive boundary information into the attention computation process.

Boundary loss functions, which optimize distance-based discrepancies between pre-
dicted and ground-truth contours, have been shown to improve segmentation performance
at structural edges [31]. Recent research has explored hybrid loss functions that combine
region-based, boundary-based, and hard-example mining objectives. However, fixed-
weight combinations may result in biased optimization. Adaptive hybrid loss strategies
have been proposed to dynamically balance multiple loss components during training,
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maintaining consistent performance across varying segmentation challenges and anatomi-
cal structures [32,33].

3. Methodology
The proposed brain tumor segmentation framework is designed as a hybrid deep

learning architecture that effectively integrates CNNs and vision transformers to leverage
both local and global contextual information. This architecture is composed of four key
modules: (i) multi-modal MRI input preprocessing and data augmentation, (ii) a dual-
pathway encoder that processes features through parallel CNN and transformer branches,
(iii) a multi-scale feature fusion module based on spatial pyramid pooling with dense
connectivity, and (iv) a novel boundary-aware attention decoder for precise delineation
of tumor sub-regions. This unified design aims to address key challenges in brain tumor
segmentation, including boundary ambiguity, tumor heterogeneity, and class imbalance.

Each input comprises four co-registered MRI modalities—T1, T1ce, T2, and FLAIR—resized
to a uniform shape of 240 × 240 × 155. Intensity normalization is performed using z-score
standardization within the brain mask to reduce inter-subject intensity variability. To
enhance model generalization, we apply a range of spatial and intensity augmentations,
including random rotations (±15◦), elastic deformations, scaling (0.9–1.1), gamma correc-
tion, and noise injection. During training, 3D patches of size 128 × 128 × 128 are sampled
with higher probability from tumor regions, thus addressing the severe class imbalance
common in brain tumor datasets.

The dual-pathway encoder simultaneously captures local texture details and global
structural context. The CNN branch comprises five residual blocks with increasing feature
dimensions, employing strided convolutions for downsampling to preserve fine-grained
spatial details. The transformer branch operates on embedded patches extracted at each
resolution level, applying multi-head self-attention and feed-forward layers within a hi-
erarchical structure. This design enables the model to capture long-range dependencies
while maintaining computational efficiency.

To effectively merge features from both pathways, we introduce a learned fusion
mechanism that generates adaptive gating weights based on global average pooled rep-
resentations. This allows the network to dynamically balance local and global features,
depending on the context of each spatial region. This fusion strategy is particularly ben-
eficial in regions with ambiguous tumor boundaries, where both texture and context are
critical (Figure 1).

At the bottleneck of the encoder, we deploy a multi-scale feature fusion module
inspired by spatial pyramid pooling, but enhanced with dense inter-branch connections to
facilitate feature reuse and gradient flow. The module employs parallel atrous convolutions
with dilation rates of 1, 2, 4, and 8 to extract features at different spatial scales without
increasing the number of parameters substantially. Additionally, a global average pooling
branch captures high-level contextual features. All branches are concatenated, followed by
a 1 × 1 × 1 convolution for dimensionality adjustment and a squeeze-and-excitation block
to apply channel-wise attention.

This fusion mechanism enables the network to concurrently encode local edge-level
details and broader semantic context, which is especially important for distinguishing
between subtle tumor boundaries and healthy tissue transitions.

One of the principal innovations of our framework is the boundary-aware attention
decoder [34], which explicitly incorporates boundary information into the segmentation
process. This module is designed to overcome a common limitation of existing segmentation
models, which often struggle to preserve accurate tumor margins, particularly in infiltrative
or low-contrast regions.
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At each decoder level, upsampled features are combined with corresponding encoder
features via skip connections. To guide attention toward boundaries, we introduce a
learnable edge detection module initialized with Sobel-like filters [35]. These filters are
updated during training to detect task-specific boundary patterns by computing gradient
magnitudes in three spatial directions (x, y, z), resulting in a boundary probability map.

Figure 1. Overview of the proposed CNN–Transformer architecture with boundary-aware attention
for multi-modal brain tumor segmentation.

This map then guides an adaptive attention mechanism that modulates decoder
features. Attention weights are computed through a gated fusion of decoder, boundary,
and skip features, allowing the network to selectively emphasize uncertain regions. To
further improve robustness, we extend the attention mechanism to four heads, with each
head focusing on distinct types of boundaries (e.g., sharp vs. diffuse transitions). The
attention outputs are concatenated and passed through a projection layer to restore the
original feature dimension.

After attention, features are refined using residual convolutional blocks with instance
normalization, which better preserves subject-specific intensity variations. Upsampling is
performed with transposed convolutions, ensuring smooth spatial transitions in the final
segmentation output.

Unlike conventional boundary-aware methods that employ fixed gradient opera-
tors, the proposed module initializes the edge detector with Sobel kernels and then
optimizes these filters jointly with the segmentation network. This design preserves
the inductive bias of classical edge detectors while allowing adaptation to MRI-specific
boundary characteristics.

To formally describe the boundary-aware attention mechanism, we begin by denoting
the encoder feature map as F ∈ RC × H × W× D, where C represents the number of feature
channels, and H, W, D denote the spatial dimensions. In order to model boundary
information explicitly, we compute a learnable boundary representation based on a gradient
approximation. The initial gradient magnitude is defined as:

G =

√(
∂F
∂x

)2
+

(
∂F
∂y

)2
+

(
∂F
∂z

)2

To enable the network to learn boundary representations directly from data, we replace
the fixed gradient operator with a learnable convolutional approximation:
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B = σ(Convb(F))

where Convb represents a set of learnable convolutional filters specialized for boundary
detection, and σ denotes the sigmoid activation function. This results in a boundary
probability map B ∈ R1 × H × W × D, where higher values indicate a higher likelihood of
boundary presence at each voxel.

In the attention mechanism, we follow the standard self-attention paradigm by com-
puting query, key, and value projections from the feature map:

Q = WqF

K = WkF

V = WvF

with Wq, Wk, Wv ϵ RC × d being learnable projection matrices, and d the dimensional-
ity of the attention subspace. Standard attention weights are computed via scaled dot-
product attention:

Aboundary = so f tmax
(

QKT
√

d
+ αB

)
The final boundary-enhanced feature representation is then obtained by applying the

attention weights to the value projections:

Fout = AboundaryV

This formulation enables the model to allocate greater attention to regions likely
to contain anatomical boundaries, thereby enhancing its ability to accurately delineate
complex and irregular tumor margins. The explicit integration of boundary signals into
the attention computation provides a principled way to focus representational capacity on
clinically important regions.

Multi-modal MRI provides complementary perspectives of tumor pathology; however,
naive fusion strategies often fail to capture the nuanced contributions of each modality.
In this work, we introduce a learned fusion mechanism that processes each modality
independently through modality-specific convolutional layers. These representations are
then fused using a cross-modal attention mechanism, where pairwise similarities between
modalities are calculated using scaled dot-product attention.

This mechanism allows the network to dynamically assign higher weights to modali-
ties that are more informative for a particular tumor sub-region—for instance, emphasizing
T1ce for enhancing tumor, FLAIR for peritumoral edema, or T2 for the tumor core. This
selective integration improves the discriminative capability of the fused representation,
enabling more accurate segmentation [36].

To optimize segmentation performance under challenging conditions such as class
imbalance and boundary ambiguity, we design a composite loss function that combines four
complementary objectives: Dice loss, focal Tversky loss, boundary loss, and cross-entropy
loss [37].

• Dice loss promotes region-level overlap and is effective for imbalanced datasets.
• Focal Tversky loss introduces adjustable penalties for false positives and negatives,

focusing learning on underrepresented classes.
• Boundary loss encourages accurate localization by penalizing deviations from ground-

truth boundaries using distance maps.
• Cross-entropy loss ensures pixel-wise classification accuracy.
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The total loss is defined as:

Ltotal = λ1LDice + λ2LTversky + λ3LBoundary + λ4LCE

with weights λ1 = 0.4, λ2 = 0.3, λ3 = 0.2, λ4 = 0.1 determined empirically via grid
search. Moreover, we implement a dynamic weighting strategy where the boundary loss
component increases after 100 epochs to prioritize fine-grained delineation during later
training stages.

Here, LDice and LTversky measure region-based segmentation accuracy, while
LBoundary explicitly penalizes mismatches in boundary gradients between prediction and
ground truth, and LCE represents the standard cross-entropy loss. The individual compo-
nents are defined as follows:

LDice = 1 − 2Σi pigi + ε

∑i pi + ∑i gi + ε

LTversky = 1 − Σi pigi
Σi pigi + Σi pi(1 − g i)+Σi(1 − p i)gi

Lboundary = ∑
i
|∇pi −∇gi|

LCE = −∑
i

gilog(pi)

where pi and gi denote the predicted probability and ground truth label at voxel i, and ∇
denotes the spatial gradient operator used to emphasize structural boundary alignment.
To balance region learning and boundary refinement throughout training, we implement
a time-dependent weighting strategy. In this scheme, the boundary loss weight λ3(t)
increases over time, modeled as:

λ3(t) = λmax · sigmoid
(

t−T
τ

)
λ1(t) = 1 − λ3(t)

where t denotes the current training epoch, T is the transition epoch at which emphasis
begins shifting, τ controls the smoothness of this transition, and λmax is the peak weight
assigned to the boundary loss. This dynamic formulation encourages the model to first
focus on learning coarse region-level structures in the early stages of training, then gradually
shift its attention toward refining boundaries, aligning with clinical needs for both accurate
localization and precise delineation [38].

The model is trained using the AdamW optimizer with an initial learning rate of
1 × 10−4 weight decay of 1 × 10−4, and polynomial learning rate decay. In addition to
spatial augmentations, we apply intensity-based transformations such as gamma correction,
Gaussian noise, and brightness shifts to simulate scanner variability.

Deep supervision was applied at four decoder levels using auxiliary segmentation
heads. The corresponding supervision weights were empirically set to {1.0, 0.5, 0.25, 0.125},
assigning greater importance to high-resolution predictions while progressively reducing
the contribution of lower-resolution outputs. Formally, the weight for the i-th auxiliary
output was defined as

wi =
1
2i

where i denotes the decoder level. The final training objective was computed as the
weighted sum of all auxiliary losses.

To facilitate gradient flow and improve convergence, deep supervision is applied at
each decoder level using downsampled ground-truth masks, with decreasing loss weights
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at deeper layers. Post-processing steps include connected component analysis to eliminate
small false positives and morphological operations to refine the predicted boundaries.

Our framework is implemented in PyTorch 2.0 with CUDA 11.8. Training is performed
on NVIDIA A100 GPUs (40 GB) with a batch size of 2 and gradient accumulation over
4 steps for an effective batch size of 8. Mixed precision training (FP16) is used to reduce
memory usage and accelerate computation. Training converges within 300 epochs, typically
requiring around 48 h.

During inference, a sliding window approach with 50% overlap is employed, and
overlapping regions are merged using Gaussian-weighted averaging. The model segments
a full 3D volume in approximately 4.8 s on an A100 GPU, demonstrating computational
efficiency that may facilitate future clinical translation after extensive external validation.

4. Results
To evaluate the proposed method, we utilize the Brain Tumor Segmentation Challenge

(BraTS) 2023 dataset, a large-scale, multi-institutional collection of pre-operative MRI
scans of glioma patients. The dataset includes a total of 1470 subjects, each consisting of
four co-registered MRI sequences: T1-weighted, T1-weighted with contrast enhancement
(T1ce), T2-weighted, and FLAIR [39]. All scans are aligned to the same anatomical space
and come with expert-annotated tumor masks delineating the following subregions:

• Enhancing Tumor (ET);
• Tumor Core (TC): comprising both enhancing tumor and necrotic/non-enhancing

tumor regions, i.e.,

WT = TC + ED

For training and validation, we use the official BraTS 2023 data split, which includes
1251 cases for training and 219 cases for validation. Ground truth annotations for the test
set are withheld by the challenge organizers, and test performance is assessed through a
blind evaluation server.

To measure segmentation performance, we adopt the standard BraTS evaluation
metrics, which are designed to reflect both volumetric and boundary-level accuracy:

• Dice Similarity Coefficient (DSC): Measures the overlap between predicted and ground
truth regions. It is defined as:

DSC =
2|A ∩ B|
|A|+ |B|

where A and B denote the sets of predicted and ground truth voxels, respectively.

• Sensitivity (Recall) [40,41]: Measures the proportion of actual positives correctly
identified:

Sensitivity =
TP

TP + FN

where TP and FN are the numbers of true positives and false negatives.

• Specificity: Measures the proportion of actual negatives correctly identified:

Speci f icity =
TN

TN + FP

where TN and FP are the numbers of true negatives and false positives.
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• 95th Percentile Hausdorff Distance (HD95): Captures the largest distance (excluding
outliers) between the surfaces of the predicted and ground truth segmentation masks.

• Average Symmetric Surface Distance (ASSD): Computes the average of the short-
est distances between the surfaces of the predicted and ground truth regions in
both directions.

These metrics together provide a robust evaluation framework, capturing both the
overall segmentation accuracy and the geometric alignment of tumor boundaries.

To further validate the performance of our method, we compare it quantitatively
against state-of-the-art segmentation models on the BraTS 2023 validation set. Table 1
summarizes the results across the three primary tumor regions: Whole Tumor (WT), Tumor
Core (TC), and Enhancing Tumor (ET), evaluated using standard metrics.

Table 1. Quantitative comparison of the proposed method and baseline models on the BraTS 2023
validation dataset.

Method WT DSC TC DSC ET DSC WT HD95 TC HD95 ET HD95

U-Net 87.2 82.4 78.3 6.84 7.92 5.21

Attention U-Net 88.6 83.7 79.8 5.93 7.14 4.86

nnU-Net 90.8 86.2 82.4 4.42 5.67 3.58

TransUNet 89.4 84.9 81.2 5.21 6.38 4.12

Swin-UNETR 91.2 87.1 83.6 4.18 5.24 3.31

UNETR++ 91.0 86.8 83.2 4.35 5.48 3.45

Proposed 92.3 88.7 84.5 3.76 4.52 2.94

Our model demonstrates consistent improvements across all tumor subregions. Com-
pared to nnU-Net, which serves as a strong baseline in medical image segmentation, our
approach yields Dice score gains of +1.5% (WT), +2.5% (TC), and +2.1% (ET) [42]. When
benchmarked against Swin-UNETR [43], a transformer-based architecture [44], our method
still achieves measurable improvements of +1.1% (WT), +1.6% (TC), and +0.9% (ET).

To further evaluate the generalization capability of the proposed framework, an
additional experiment was conducted on an independent public brain tumor segmentation
dataset using the same preprocessing pipeline and evaluation protocol as applied to BraTS
2023. As illustrated in Figure 2, the proposed model achieved Dice scores of 90.6% for Whole
Tumor (WT), 86.9% for Tumor Core (TC), and 82.7% for Enhancing Tumor (ET). Compared
with the BraTS 2023 benchmark, only a slight reduction in segmentation accuracy was
observed (approximately 1–2%), indicating that the proposed framework preserves stable
performance under dataset shift and demonstrates promising generalization capability.

The most notable performance gain is observed in the segmentation of the tumor core,
which is widely regarded as the most clinically challenging subregion due to its irregular
shape and complex boundary between enhancing and non-enhancing components. Our
model’s boundary-aware attention mechanism plays a critical role in addressing this
challenge, directly contributing to the +2.5% improvement over nnU-Net in this subregion.

In addition to the quantitative comparisons presented in Table 1, we also compared
our framework with several recently proposed hybrid segmentation approaches reported
in the literature, including ReHyDIL and DFuse-Net in Table 2. These methods have
demonstrated strong performance through sophisticated feature interaction and fusion
mechanisms. In contrast, our work focuses specifically on explicit boundary modeling by
incorporating learnable boundary representations directly into the attention computation,
which constitutes the primary distinction of the proposed framework.
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Figure 2. Comparison of Dice scores achieved by the proposed framework on the BraTS 2023
benchmark and an additional public brain tumor segmentation dataset (FeTS2022).

Table 2. Comparison with recent hybrid CNN–Transformer approaches reported in the literature.

Method Year Main Contribution Boundary Modeling

ReHyDIL [29] 2025 Residual hybrid interaction Implicit

DFuse-Net [30] 2026 Dual-feature fusion Implicit

Proposed 2026 Learnable boundary-aware attention Explicit

In addition to Dice metrics, we observe significant reductions in Hausdorff Distance
(95th percentile), highlighting improved boundary localization. Specifically, our model
achieves relative HD95 reductions of 15.0% (WT), 20.3% (TC), and 17.9% (ET) compared
to nnU-Net. These reductions confirm that our architecture not only improves volumetric
overlap but also produces more anatomically accurate boundary delineations, which is
vital for downstream clinical applications.

These findings underscore the effectiveness of integrating cross-modal attention with
a hybrid loss function tailored for boundary precision. Together, they enable our model to
capture fine-grained spatial details while maintaining robust generalization across tumor
types (Figure 3).

To better understand the contributions of individual components within our frame-
work, we perform a series of controlled ablation experiments. Each variant is evaluated on
the BraTS 2023 validation set, and the results are summarized in Table 3.

Transformer Pathway Contribution: Introducing a transformer-based pathway along-
side the baseline CNN encoder leads to a +1.3% improvement in Dice score for the tumor
core (TC), confirming the benefit of incorporating global context. The effect is also evident
in whole tumor (WT) segmentation, with a +1.1% gain, as the model becomes more adept at
distinguishing peritumoral edema from surrounding healthy tissue. These results suggest
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that long-range dependencies, captured via transformer modules, enhance anatomical
understanding—particularly for diffuse tumor regions.

Figure 3. Dice score comparison between the proposed method and state-of-the-art models on the
BraTS 2023 validation set.

Table 3. Ablation study showing the effect of key components on segmentation performance.

Configuration WT DSC TC DSC ET DSC Parameters

Baseline (CNN only) 89.7 85.2 81.8 28.4 M

+Transformer pathway 90.8 86.5 82.9 45.2 M

+Multi-scale fusion 91.3 87.1 83.4 48.6 M

+Boundary attention 91.9 88.2 84.1 52.3 M

+Hybrid loss 92.3 88.7 84.5 52.3 M

Multi-Scale Fusion Impact (SPPF+): Replacing the standard spatial pyramid pooling
with our enhanced SPPF+ module results in consistent performance gains across all tumor
regions, ranging from +0.5% to +0.6%. This improvement stems from the module’s ability
to capture multi-scale contextual information, which is critical for accurately detecting
both small, discrete tumors and large infiltrative lesions. Qualitative visualizations show
enhanced delineation in cases with complex morphology and variable tumor size.

Boundary-Aware Attention Module: This component yields the most substantial
individual boost, particularly for tumor core (+1.1%) and enhancing tumor (+0.7%) segmen-
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tation. By explicitly modeling boundary cues, the attention module improves the network’s
ability to identify irregular, poorly defined margins. Visual inspection of the segmentation
outputs confirms sharper, more anatomically accurate boundaries in models equipped with
this mechanism compared to those without it.

Hybrid Loss Function: Finally, our composite loss—combining region-based and
boundary-aware objectives—contributes incremental but meaningful improvements (+0.4%
to +0.5% across metrics). The dynamic weighting of loss terms during training helps
prevent conflicting gradient signals and promotes balanced learning. This approach ensures
that the model maintains both high volumetric accuracy and strong boundary adherence
throughout training.

Together, these ablation results highlight the complementary impact of each architec-
tural enhancement, with the boundary-aware attention module and transformer pathway
contributing the most significant performance gains.

Despite the inclusion of advanced components such as dual-pathway encoders and
boundary-aware attention mechanisms, the proposed model maintains a favorable balance
between accuracy and computational efficiency. During training, the memory consumption
peaks at 38.2 GB per GPU with a batch size of two and mixed-precision computation, fitting
comfortably within the capabilities of modern hardware such as the NVIDIA A100. Infer-
ence is completed in 4.8 s per volume on the A100 and 12.3 s on an RTX 3090, demonstrating
suitability for near real-time clinical use cases.

The total number of trainable parameters in the model is 52.3 million, which is higher
than nnU-Net’s 31.2 million, but notably lower than more complex transformer-based
architectures such as Swin-UNETR, which contains 62.8 million parameters. The added
complexity in our model arises primarily from the integration of transformer modules and
boundary-aware attention, both of which provide measurable performance benefits that
justify the parameter increase. A breakdown of computational cost shows that 62% of total
floating-point operations (FLOPs) are concentrated in the encoder, which includes both
convolutional and transformer components. The multi-scale fusion module accounts for 8%
of FLOPs, the decoder with boundary attention comprises 26%, and the output layers make
up the remaining 4%. Importantly, the boundary-aware attention module introduces only
a 12% computational overhead while delivering a 1.1% Dice score improvement for tumor
core segmentation. This trade-off highlights the efficiency of the architecture in providing
high segmentation accuracy without incurring excessive resource demands.

Visual examples further illustrate the strengths of the proposed approach across a wide
variety of tumor presentations. In one representative case, the model successfully captures
the entire tumor volume, including regions of peritumoral edema, with a clear delineation
between abnormal and surrounding tissues. Another example demonstrates accurate
segmentation of the tumor core, with sharp boundary localization between enhancing and
necrotic tissue components—areas that are often difficult to distinguish due to irregular
margins. Additionally, the model correctly identifies a small enhancing tumor component
that many baseline models tend to miss, highlighting the effectiveness of multi-scale fusion
in detecting subtle lesions (Figure 4).

When compared qualitatively with baseline methods, the proposed model exhibits
several key advantages (Figure 5). The segmentation outputs feature noticeably sharper
boundaries, particularly at tumor-brain interfaces, which are often blurred or misclas-
sified in other approaches. The boundary-aware attention module appears effective in
suppressing false positives, especially in non-tumor regions where spurious activations
can compromise clinical trust. Furthermore, the model demonstrates improved sensitivity
to small enhancing components and maintains better topological consistency, producing
coherent and anatomically plausible tumor structures rather than fragmented predictions.
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However, certain limitations remain. In cases with severe motion artifacts or signal inhomo-
geneities, localized errors may occur. Gradually infiltrative tumor regions with ambiguous
boundaries continue to pose challenges, as do post-treatment cases involving resection
cavities or radiation-induced changes, which can alter normal anatomy and mislead the
segmentation process.

 

Figure 4. Segmentation examples showing ground truth and predictions for WT, TC, and ET
tumor sub-regions.

In clinical applications, it is essential that automated systems not only generate pre-
dictions but also convey a measure of confidence. To this end, uncertainty estimation
was implemented using Monte Carlo dropout, whereby ten stochastic forward passes
are performed at inference time with a dropout rate of 0.2. The resulting variability in
voxel-wise predictions serves as a proxy for uncertainty. Visual inspection reveals that
higher uncertainty is typically concentrated around tumor boundaries and in regions
with ambiguous tissue characteristics. These are also the areas most prone to segmenta-
tion errors, making uncertainty a useful signal for radiologists assessing the reliability of
the output.

A correlation analysis between uncertainty and segmentation errors further supports
its utility. Voxels within the top 10% uncertainty percentile contain 68% of all false positives
and 72% of all false negatives, indicating that uncertainty estimates are predictive of
segmentation inaccuracies. This enables the implementation of uncertainty-guided quality
control, in which cases or regions with high predicted uncertainty can be flagged for
manual review. In this way, the model not only enhances segmentation performance but
also supports safer and more transparent clinical decision-making.
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Figure 5. Training and validation curves showing Dice score and loss convergence over epochs.

5. Discussion
In contrast to existing hybrid CNN–transformer segmentation models that rely on im-

plicit representations of boundary information, the proposed approach introduces a math-
ematically grounded boundary-aware attention mechanism that explicitly incorporates
spatial gradient cues into the attention computation. This explicit modeling of boundary
structure enables the network to adaptively enhance features in boundary-sensitive regions,
leading to improved segmentation accuracy—particularly at anatomically complex and
irregular tumor margins.

The proposed segmentation framework addresses several pressing challenges in neuro-
oncological imaging, offering clinically meaningful improvements in both performance and
practicality. By automating brain tumor segmentation, the system significantly reduces radiolo-
gist workload, which is especially valuable amid growing imaging volumes and limited access
to subspecialized expertise. While manual delineation of gliomas may take 20 to 30 min per
case, our method delivers comparable accuracy in under five seconds, marking a substantial
speedup that could streamline clinical workflows without compromising diagnostic integrity.

Enhanced boundary precision further reinforces the clinical utility of the approach,
particularly in treatment planning for radiation therapy, where accurate margin definition is
essential to ensure effective tumor coverage while sparing healthy tissue. The integration of
a boundary-aware attention mechanism contributes to significant reductions in Hausdorff
distance compared to existing methods, supporting the use of tighter planning margins and
potentially reducing radiation-related toxicity. In parallel, the system’s volumetric accuracy
enables more reliable tracking of treatment response over time. Unlike conventional
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2D measurement-based criteria, which may miss subtle morphological changes, three-
dimensional segmentations offer objective and reproducible metrics for assessing tumor
progression or regression.

An additional strength of the framework lies in its integration of uncertainty estimation.
Rather than producing opaque, black-box outputs, the model highlights regions of low
prediction confidence—typically corresponding to ambiguous tissue boundaries—thereby
inviting expert review where needed. This feature not only promotes transparency but
also supports a more collaborative human-AI diagnostic process, helping to build trust in
automated systems.

From a technical perspective, the model architecture is grounded in the complementary
strengths of convolutional and transformer-based processing. Convolutional layers excel
in capturing local textures and fine-grained details critical for boundary localization, while
transformer components model long-range dependencies that provide valuable anatomical
context. The dual-pathway design leverages both of these strengths, facilitating robust
segmentation across tumors with highly variable appearance and structure. The inclusion
of multi-scale feature fusion ensures adaptability across lesions of differing sizes, from
small enhancing nodules to large infiltrative masses. By explicitly modeling boundary
regions through learnable attention mechanisms, the system targets spatial areas with the
highest diagnostic uncertainty—those most prone to error and inter-observer disagreement.

Recent methods such as ReHyDIL and DFuse-Net have demonstrated the effectiveness
of hybrid CNN–Transformer architectures and advanced feature fusion strategies for brain
tumor segmentation. Compared with these approaches, our work focuses specifically on
boundary-sensitive segmentation by explicitly integrating learnable boundary representa-
tions into the attention mechanism and coupling them with a dynamic boundary-aware
optimization strategy. Therefore, our contribution is complementary to recent fusion-based
approaches and may potentially be combined with them in future studies.

Despite these advancements, certain limitations remain. The model’s computa-
tional demands, while manageable on modern GPUs, may pose challenges for deploy-
ment in resource-constrained settings. Future work will explore lightweight alternatives
through knowledge distillation and neural architecture search, aiming to retain perfor-
mance while reducing memory and compute requirements. Additionally, performance
on post-treatment cases—such as those involving surgical cavities, radiation necrosis, or
pseudoprogression—lags behind that on pre-operative images. These cases introduce al-
tered anatomical and tissue signatures that were underrepresented in training, pointing to
the need for more diverse datasets and potentially specialized models [45].

Another area for development involves temporal modeling. Currently, the model
processes each scan independently, without considering longitudinal information from
serial imaging. Incorporating temporal consistency constraints or modeling tumor evo-
lution over time could improve segmentation robustness and open pathways toward
prognostic modeling. Furthermore, expanding beyond anatomical imaging to include
functional modalities—such as diffusion or perfusion MRI, or PET—could enhance tis-
sue characterization and enable richer, biologically informed segmentation. Building
fusion strategies capable of handling variable modality availability will be important for
real-world adaptability.

Generalization remains a key consideration for clinical deployment. Generalization
remains an important consideration for clinical deployment. Although the proposed
framework demonstrated strong performance on the BraTS 2023 dataset, its robustness
across different institutions, scanner vendors, and acquisition protocols has not yet been
comprehensively evaluated. Therefore, future work will focus on validating the model
on independent multi-center datasets and investigating domain adaptation strategies to
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improve cross-site generalization and real-world applicability. We are actively pursuing
collaborative efforts to conduct such evaluations and refine the model through domain
adaptation strategies as needed. Expanding the system’s applicability to other tumor types
and brain pathologies—such as metastases, meningiomas, or CNS lymphomas—represents
an important future direction, with potential acceleration via transfer learning from the
current glioma-trained model [46–48].

Although the individual building blocks of the proposed framework are inspired by
existing literature, the novelty of this work lies in their principled integration for boundary-
sensitive brain tumor segmentation. In particular, our framework explicitly incorporates
learnable boundary representations into the attention computation and couples this mech-
anism with a dynamic optimization strategy that progressively emphasizes boundary
refinement during training. To the best of our knowledge, this combination has not been
previously investigated for multi-modal brain tumor segmentation.

A major limitation of this study is that the proposed framework was evaluated only on
the BraTS 2023 benchmark dataset. Although BraTS is a large and diverse multi-institutional
dataset, the robustness of the model across independent public cohorts, scanner vendors,
and acquisition protocols has not yet been comprehensively investigated. Therefore, the
current results should be interpreted as evidence of strong benchmark performance rather
than proof of clinical readiness. Future work will focus on external multi-center validation
and domain adaptation strategies to assess the generalizability of the proposed framework
in real-world clinical environments.

Beyond the immediate clinical implications, this work contributes to the broader effort
of democratizing access to advanced medical imaging tools. In settings with limited spe-
cialist availability, reliable automated segmentation could serve as a valuable second reader,
supporting earlier detection, consistent monitoring, and improved treatment planning.
However, realizing this potential will require rigorous validation, regulatory oversight,
and careful integration into clinical workflows that preserve human judgment. To support
transparency and reproducibility, we release the code, trained models, and documenta-
tion as open-source resources. We hope this fosters further innovation and collaborative
refinement within the research and clinical communities, ultimately translating into better
outcomes for patients.

Compared with recent hybrid segmentation approaches such as ReHyDIL [29] and
DFuse-Net [30], the proposed framework explicitly incorporates learnable boundary in-
formation into the attention mechanism, enabling more accurate delineation of complex
tumor boundaries while maintaining competitive segmentation performance.

The additional evaluation further supports the robustness of the proposed framework
beyond the primary benchmark dataset. Although a moderate decrease in Dice scores
was observed, the performance remained consistently high across all tumor subregions,
suggesting that the proposed hybrid CNN–Transformer architecture with boundary-aware
attention is relatively resilient to variations in data distribution. Nevertheless, broader
validation on larger multi-center cohorts acquired using different scanner vendors and
imaging protocols remains an important direction for future research.

Future work will also investigate the incorporation of functional imaging modali-
ties, including diffusion-weighted imaging (DWI), perfusion MRI (PWI), and positron
emission tomography (PET). These modalities provide complementary physiological and
metabolic information that is not available in conventional anatomical MRI sequences and
may improve robustness in cases affected by motion artifacts, signal inhomogeneity, and
ambiguous tissue boundaries. In particular, multimodal integration of anatomical and
functional imaging could enable better characterization of infiltrative tumor regions and
improve segmentation performance under challenging acquisition conditions.
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6. Conclusions
This study introduces a novel multimodal framework for brain tumor segmentation

that integrates a hybrid CNN–transformer architecture with boundary-aware attention
mechanisms. Through extensive evaluation on the BraTS 2023 dataset, the proposed ap-
proach demonstrates state-of-the-art performance, achieving Dice scores of 92.3% for whole
tumor, 88.7% for tumor core, and 84.5% for enhancing tumor segmentation. Notably, the
inclusion of boundary-aware attention leads to significant improvements in delineation
accuracy, reducing Hausdorff distance by 15–20% compared to established baselines. The
proposed framework demonstrates strong potential for future clinical translation. How-
ever, additional validation on independent multi-center datasets will be necessary before
considering routine clinical deployment.

By combining the local detail-capturing strengths of convolutional neural networks
with the global context modeling of transformers, the framework effectively addresses key
challenges inherent to brain tumor segmentation—such as heterogeneous tumor appear-
ance, complex and irregular boundaries, and inter-class imbalance. The integration of a
hybrid loss function and uncertainty quantification further enhances the system’s reliability
and interpretability, providing actionable outputs that align with clinical expectations and
decision-making needs.

Looking forward, future work will focus on optimizing computational efficiency to
support deployment in resource-limited environments, improving segmentation in post-
treatment scenarios, and incorporating longitudinal information for temporal consistency.
Additionally, multi-center external validation will be pursued to assess generalizability
across diverse populations and imaging protocols.

Furthermore, future research will investigate the integration of advanced Transformer-
based architectures with wavelet-based feature extraction and metaheuristic optimization
techniques (e.g., Gray Wolf Optimization) [49,50] to enhance feature representation and clas-
sification performance in brain imaging tasks. In parallel, incorporating fuzzy logic–based
decision frameworks [51] will be explored to improve the transparency and interpretability
of model predictions by modeling uncertainty and supporting explainable classification.
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