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Abstract Brain tumor segmentation from Magnetic Resonance Imaging (MRI) is a critical task in medical
image analysis, owing to the irregular morphology of tumors, heterogeneous intensity distributions
across MRI modalities, and the presence of multiple overlapping sub-regions. Accurate delineation of
these regions is essential for clinical diagnosis, treatment planning, and longitudinal disease monitoring.
Although Vision Transformer (ViT)-based architectures have demonstrated promising performance in
medical image segmentation by capturing long-range dependencies and global contextual information,
conventional multi-scale transformer models remain constrained by static grouped attention
mechanisms that introduce redundant computations and exhibit quadratic complexity with respect to
input size. To address these limitations, this paper proposes the Adaptive Sparse Cross-Scale
Transformer (ASCT), a computationally efficient framework for brain tumor MRI segmentation. ASCT
incorporates three key innovations: (i) a Dynamic Scale Routing (DSR) module that adaptively weights
multi-scale features using learned routing coefficients, replacing fixed channel grouping; (ii) a Sparse
Token Attention (STA) mechanism that restricts attention computation to the most informative token
pairs, reducing complexity from quadratic O(N?) to near-linear O(Nk); and (iii) a linearized attention
approximation that significantly reduces GPU memory consumption during training. Additionally, cross-
scale feature fusion is performed prior to the attention operation to suppress redundant computations
and enhance inter-scale feature interaction. The proposed ASCT model is evaluated on the BraTS 2021
dataset for multi-region segmentation, targeting Whole Tumor (WT), Tumor Core (TC), and Enhancing
Tumor (ET) sub-regions. Experimental results demonstrate that ASCT achieves Dice scores of 89.2%,
84.1%, and 83.5% for WT, TC, and ET, respectively, yielding an average Dice score of 85.6%. Compared
to the baseline Vision Transformer, the proposed model reduces computational complexity from 94.6
GFLOPs to 58.4 GFLOPs and GPU memory usage from 11.2 GB to 7.3 GB, confirming its efficiency and
practical viability for real-world clinical applications.

Keywords Brain tumor segmentation, BraTS, Sparse attention, MRI segmentation, Transformer-based
segmentation.

I. Introduction
Recent transformer-based medical image

challenging due to substantial computational and
memory requirements. For example, UNETR employs

segmentation models have significantly improved the
ability to capture long-range contextual information
compared with conventional CNN architectures.
However, their practical deployment remains

global self-attention over all image tokens, resulting in
quadratic computational complexity with respect to
token count. As image resolution increases, the
attention computation and memory consumption
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increase rapidly, limiting scalability for high-resolution

MRI segmentation [1]. Similarly, TransUNet combines

CNN feature extraction with transformer encoders to

improve contextual representation, but still relies on

dense self-attention operations and multi-stage feature
processing, leading to considerable computational
overhead. Swin-UNet partially addresses this issue
through shifted-window attention, reducing attention
computation within local windows. Nevertheless, global
contextual interactions require multiple hierarchical
stages, and the model still performs attention
independently at different feature scales, introducing
redundant computations [2]. More recent cross-scale
transformer architectures attempt to improve multi-
resolution feature interaction through cross-attention or
hierarchical fusion mechanisms. Although these
approaches enhance feature representation, they
typically compute attention separately at each scale
and subsequently aggregate the results. Such designs
increase computational redundancy, parameter count,
and memory usage, particularly when processing large
medical images containing thousands of tokens.

Furthermore, most existing methods employ fixed

channel grouping or predefined scale-interaction

strategies, which cannot dynamically adapt to the
varying sizes, shapes, and appearances of tumor

regions across patients [3].

To address these limitations, the proposed Adaptive
Sparse Cross-Scale Transformer (ASCT) introduces
three complementary innovations. First, Dynamic Scale
Routing (DSR) adaptively assigns importance weights
to different feature scales, replacing static channel
grouping and enabling data-driven scale selection [4].
Second, Sparse Token Attention (STA) restricts
attention computation to the most informative token
pairs, reducing complexity from O(N?) to approximately
O(NK) while preserving critical contextual relationships.
Third, Cross-Scale Pre-Attention Fusion combines
multi-scale features before attention computation,
eliminating the need for repeated attention operations
across individual scales. In addition, a Linearized
Attention Approximation further reduces memory
consumption during training and inference. Unlike
UNETR, TransUNet, Swin-UNet, and existing cross-
scale transformers, ASCT simultaneously addresses
computational efficiency, memory scalability, and
adaptive multi-scale interaction within a unified
segmentation framework [5]. The main contributions of
this work are summarized as follows:

1. A dynamically changing scale routing system that
adaptively weights features over multiple scales
instead of fixed channel grouping.

2. A sparse token-based attention mechanism that
reduces computational costs from quadratic to
nearly linear.

3. An approximation of attention that linearizes the
process to greatly reduce memory usage in
training.

4. An efficient transformer-based framework for
segmentation that has been tested with BraTS
2021 and gives improved Dice scores and reduced
FLOPs and GPU memory.

The paper is organized in the following manner: Section
2 reviews previous studies that have employed CNN
and transformers in segmenting brain tumors. Section
3 discusses the ASCT framework with its architecture.
Section 4 describes the experiments conducted and
presents quantitative results using the BraTS dataset.
Section 5 is dedicated to a discussion of the results with
an analysis of computational efficiency. Finally, Section
6 concludes the work and gives directions for future
research.

ll. State-of-the-Art Techniques

Deep learning-based classification and segmentation
models have predominantly led to recent developments
in the analysis of brain tumors. The classic
convolutional neural network (CNN) models enhance
discrimination using deeper customized architectures
and more advanced feature hierarchies, but are still
fundamentally limited by smaller receptive fields and
locality bias, which limit the global contextual
relationships in MRI scans [6]. Explainable CNN
architectures are better in terms of interpretability since
they emphasize salient parts. However, they do not
fundamentally resolve the limited long-range modeling
power of convolutional operations [7]. Hybrid CNN SVM
methods that are optimized with metaheuristic
algorithms like PSO are trying to improve the
classification ranges by way of the feature classifier
division, albeit the execution relies greatly on
handcrafted optimization and omits the explicit global
interaction modelling [8]. ESimilarly, other optimized
hybrid deep learning models typically focus on
incremental accuracy improvements through tuning
strategies rather thanstructural efficiency or scalable
contextual learning [9], [10].

To address the locality constraint, a number of
recent studies adopt a combination of transformers and
CNN backbones in order to learn global relationships.
End-to-end CNN - Vision Transformer models enhance
semantic representation capability by fusing local and
global features, but in many cases, the hybrids are
more expensive to execute, and fail to explicitly
address redundant multi-scale processing [11]. Models
with  CNN--Transformer synergy and pre-trained
transformer-based strategies improve contextual
awareness and are able to take advantage of the
benefits of transfer learning, but still have quadratic
complexity due to self-attention and are
computationally expensive for high-resolution MRI
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volumes [12],[13],[14]. Hybrid CNN Transformer-based
glioma grading and fine-tuned ViT-based multi-class
classification models have better performance due to
better global reasoning, but the multi-scale
heterogeneity of tumors is not typically addressed by
an adaptive and efficient scale interaction mechanism
but instead by deeper stacking [15].

The methods are enhanced using generative and
augmentation approaches to enhance the method's
robustness. GAN-enhanced transformer pipelines
promote diversity in the data and hierarchical
representation learning; however, the results rely
heavily on the quality of the augmentations and the
stability of the training with augmentation, which is
more complex [16]. GAN segmentation models, which
are based on transformers, also enable the application
of generative modeling capabilities, but are also face
stability issues and high computational cost in
adversarial training [17]. Multi-module hybrid systems
that fuse CVAE, UNETR, and classical CNN
backbones are competitive in joint segmentation and
classification tasks, but the cost of stacking multiple
heavy components creates redundancy, parameter
count, and memory usage and raises concerns
regarding scalability and deployment efficiency [18].

Altogether, CNN-based algorithms have the benefit
of being local feature detectors, whereas the hybrids
based on a transformer are more effective at global
dependency modeling, the current methods are limited
by the receptive field or require extensive
computational costs, with quadratic attention
mechanisms and redundant multi-scale processing.
None of the existing frameworks explicitly offer an
adaptive, computationally  efficient cross-scale
attention mechanism specifically designed to segment
brain tumors and, in doing so, reduce the complexity of
attention and in no way diminish the ability to represent
the context. It is this gap that points to a scalable
transformer-based architecture that can achieve an
adaptive  multi-scale interaction with  reduced
computational and memory requirements.

lll. Proposed Work

Adaptive Sparse Cross-Scale Transformer (ASCT)
addresses computational inefficiencies and the
inflexibility of multi-scale modeling in brain tumor
segmentation systems using the transformer
architecture. The proposed system integrates adaptive
cross-scale interaction and efficient attention
mechanisms within the same encoder-decoder
framework. The system uses multimodal MR image
slices as input, followed by hierarchical representation
learning, then adaptive routing and sparse attention to
improve contextual understanding while minimizing
computational cost. The proposed system avoids
redundant attention operations as seen in the

conventional grouped multi-scale transformers. The
proposed system uses adaptive fusion before applying
attention mechanisms, thus avoiding redundant feature
processing. The proposed system uses a lightweight
decoder to generate final segment masks for Whole
Tumor (WT), Tumor Core (TC), and Enhancing Tumor
(ET).

A. Multi-Scale Feature Encoding

The MRI image will first pass through a convolutional
embedding stem, which will preserve spatial locality and
capture early structural details, such as tumor edges and
textural changes. These features will then be converted
into token representations and go through several
resolutions, which will ensure that the image is viewed in
layers or hierarchies. In these layers, different features
will become apparent, such as the high-resolution layer
maintaining the boundaries of the tumor and the lower
resolution layer providing the semantic context of the
image. Eq. (1) [19], represents the initial convolutional
embedding stage, where the input MRI image X is
processed through convolutional layers. The operation
extracts low-level spatial features such as tumor edges,
textures, and intensity transitions. The resulting feature
map F°preserves spatial locality while transforming raw
pixel data into a structured feature representation.

FO = Conv(X) (1)
Eq. (2) [20], performs the first downsampling operation
on the embedded feature map F°. The downsampling
layer reduces spatial resolution while increasing the
receptive field, enabling the model to capture broader
contextual information. The output Flrepresents high-
level structural features at a reduced scale.

F' = Down!(F°) )

In Eq. (3) [21], the second downsampling stage
compresses the spatial dimensions of the feature map
while enhancing semantic abstraction. This hierarchical
reduction allows the network to encode tumor shape,
spatial distribution, and contextual relationships across
surrounding tissues. The feature map F?thus captures
mid-level semantic representations.

F? = Down?(FY) (3)

Eq. (4) [22], performs deeper downsampling to obtain
the lowest-resolution feature representation. At this
level, the model captures global semantic context and
large-scale tumor structures. The feature map
F3contains highly abstracted information essential for
contextual reasoning within the transformer module.

F3 = Down3(F?) (4)
Eq. (5) [23], converts each multi-scale feature map F,into
token representations suitable for transformer

processing. The flattening operation reshapes spatial
features into sequential tokens, and the leamable
projection matrix W, maps them into embedding space.
These token embeddings Tsenable attention-based
contextual modeling across scales.
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Ts = Flatten(Fs) - W, where s € {1,2,3} (5)
B. Dynamic Scale Routing (DSR)
ASCT overcomes the problem of fixed channel grouping
in conventional multi-scale transformers through its
Dynamic Scale Routing mechanism. ASCT examines
the global context for each scale during training time and
uses routing weights to dynamically weight the
importance of each scale. This dynamic weighting allows
ASCT to concentrate on the most important scale
depending on tumor size, shape, and variation in
intensity within each slice of the MRI scan. This
departure from conventional channel grouping in the
routing mechanism improves interaction between scales
and optimizes feature allocation, thereby enhancing
contextual understanding. Eq. (6) [24], computes the
global descriptor of the feature map at scale susing
Global Average Pooling (GAP). The operation
aggregates spatial information by averaging each
channel across all spatial locations, producing a
compact representation that summarizes the global
context of that scale. The resulting vector z,captures the
overall importance of features at that resolution.
z; = GAP(Fy) (6)
Eq. (7) [25], calculates the adaptive routing weight for
each scale using a softmax function. The pooled
descriptor zgis first transformed through a learnable
weight matrix W, and the exponential normalization
ensures that all scale weights sum to one. The
coefficient  ajtherefore represents the relative
importance of scale sin contributing to the final
representation.

exp(Wz)
= rexpWa) %
Eq. (8) [26], generates the adaptively fused multi-scale
feature representation. Each scale feature map Fis
weighted by its corresponding adaptive coefficient ay,
and the weighted features are summed to form a unified
representation. This adaptive fusion enables the model
to dynamically emphasize the most informative scale
while maintaining cross-scale interaction.
Fagaptive = 2s s Fs (8)
C. Sparse Token Attention (STA)
The standard self-attention mechanism uses all tokens
to compute interactions, which leads to quadratic
complexity with respect to the number of tokens. ASCT
resolves this problem by using sparse token attention,
which only allows query tokens to interact with a selected
set of key tokens. Selecting the top k attention scores
ensures that the model focuses on the most important
relationships while discarding the rest. This significantly
reduces both computational cost and memory
requirements, while maintaining segmentation accuracy.
The sparse attention mechanism is useful for high-
resolution brain MRI images, which contain a large
number of tokens. Eq. (9) [27], represents the standard

as

scaled dot-product self-attention mechanism used in
transformers. The query matrix Qis multiplied with the
transpose of the key matrix Kto compute pairwise
similarity scores between all tokens, which are then
scaled by vdto stabilize gradients. After applying the
softmax function to obtain attention weights, the result is
multiplied by the value matrix V to generate context-
aware feature representations.
QK"

Attention(Q,K,V) = Softmax (ﬁ) %4 (9)

Eq. (10) [28], defines the sparse attention mechanism
used in ASCT. Instead of considering all pairwise token
interactions, only the top-k highest similarity scores from
QKTare retained for each query token, while the
remaining values are suppressed. This selective
computation preserves the most informative contextual
relationships while reducing unnecessary attention
calculations.

Attentiongyers.(Q,K,V) = Softmax (%ﬂfm) vV (10)

Eq. (11) [29], illustrates the computational complexity
reduction achieved by sparse attention. Traditional self-
attention requires quadratic complexity with respect to
the number of tokens N, as all token pairs are compared.
By limiting interactions to only ksignificant tokens per
query, the complexity is reduced to near-linear scale
O(Nk), significantly improving efficiency for high-
resolution MRI segmentation tasks.

O(N?) - O(Nk),wherek << N (11)
D. Linearized Attention Approximation

In addition to sparsification, ASCT also utilizes a
linearized attention approximation to further increase
efficiency. Instead of using an attention matrix, kernel-
based feature transforms can approximate the attention
mechanism in linear time complexity. This significantly
reduces both forward and backward memory
requirements during training, which can get extensive
with high input resolutions. The linear attention
mechanism still utilizes global dependencies, yet with
significantly lower GPU memory requirements, making it
practical for volumetric MRI segmentation. Eq. (12)
represents the linearized attention mechanism used in
ASCT to reduce the computational and memory burden
of standard self-attention. Instead of explicitly computing
the full attention matrix QK7, both query Qand key Kare
first transformed using a kernel feature mapping function
¢(-), which enables the attention operation to be
reformulated in a linear form. The term ¢(K)"Vis
computed first, and then multiplied with ¢(Q), avoiding
the construction of the full N x Nattention matrix [30].
AttentioNynear(o.kv) = P(@)(p(K)'V) (12)

E. Cross-Scale Pre-Attention Fusion
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In general, in traditional multi-scale transformers, each
scale is processed individually: attention is computed
separately on each scale, and the results are then
combined. However, in ASCT, features of all scales are
fused together before any attention calculation. The
multi-scale features are adaptively fused into a single
representation, and attention is then computed over this
representation. The advantage of this pre-attention
fusion is that coherent interaction between scales is
achieved naturally from the beginning, redundant
attention calculation is reduced, and consistency among
tumor sub-regions is promoted. Eq. (13) [31] represents
the conventional multi-scale transformer strategy in
which attention is computed independently at each

Foutpur = Attention(F') 4+ Attention(F?) +
Attention(F?) (13)
Eq. (14) [32] defines the adaptive cross-scale fusion
mechanism in ASCT. Instead of processing each scale
independently, the feature maps are first weighted using
adaptive routing coefficients azand combined into a
single unified representation. This fusion step ensures
that the most informative scales contribute more
strongly, enabling coherent inter-scale interaction before
attention computation.

Frusion = Zs a5 Fs (14)
Eq. (15) [33] represents the proposed efficient attention
strategy in ASCT. By replacing multiple full attention
operations with a single sparse attention computation,
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scale. The feature maps from different resolutions
F,F?,F3are processed separately using full attention,
and the resulting representations are summed. Although
this approach captures multi-scale information, it
introduces redundant attention computations and
increases computational complexity due to repeated
processing at every scale.

the model significantly reduces computational overhead

while preserving contextual modeling capabilities across
tumor regions.

Foutput = Attentionsparse (Ffusion) (15)
Fig. 1 illustrates the overall architecture of the proposed

Adaptive Sparse Cross-Scale Transformer (ASCT)

framework for brain tumor MRI segmentation. The input
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multimodal MRI image of size 240 x 240 x C is first
processed through a hierarchical encoder consisting of
four feature extraction stages that generate multi-scale
feature maps with resolutions of 240 x 240 x 64, 120 x
120 x 128, 60 x 60 x 256, and 30 x 30 x 512,
respectively. These multi-scale representations are
forwarded to the Dynamic Scale Routing (DSR) module,
which adaptively assigns importance weights to different
feature scales and selectively emphasizes the most
informative features. The routed features are
subsequently fused through the Cross-Scale Pre-
Attention Fusion module to facilitate efficient interaction
between local and global contextual information before
attention computation. The fused feature tokens are then
processed by the Sparse Token Attention (STA) module,
which computes attention only among highly relevant
token pairs, thereby reducing redundant computations.
To further improve efficiency, a Linear Attention Block
approximates  conventional  self-attention  using
linearized operations, significantly lowering memory
consumption and computational complexity. The refined
feature representations are propagated through a U-
Net—style decoder with progressive upsampling and skip

Following feature refinement with adaptive sparse
attention, the compact decoder reconstructs high-
resolution segmentation maps. The skip connection
ensures the preservation of the spatial information from
the earlier encoding stages, while the progressive
upsampling normalizes the data to the original size [34],
[35]. The final segmentation head generates the
probability maps for the Whole Tumor, Tumor Core, and
Enhancing Tumor classes. The network trains using a
hybrid loss function, which combines the Dice loss
function and the cross-entropy loss function [36].

ASCT reduces computational cost through a
combination of dynamic routing, sparse token selection,
and linearized attention. ASCT achieves this by
replacing the computationally expensive quadratic full
attention with more efficient, less computationally taxing
steps of the attention mechanism [37]. This reduces the
number of FLOPs the model requires and the GPU
memory usage, without compromising result quality, as
the multi-scale interactions are enhanced in the ASCT
model. In Fig. 1, an overview of the ASCT network,
specifically designed for brain tumor segmentation. The
network begins with multi-modal MR images, which are

Table 1. Decoder-stage configuration of the proposed ASCT architecture

Stage Input Operation Skip Connection Output
Dimension From Dimension

Decode 1 7x7%x1024 TransposeConv 2x BN + Encoder Stage 4 14x14%x512
RelLU

Decode 2 14%x14x512 TransposeConv  2x BN + Encoder Stage 3 28x28%256
RelLU

Decode 3 28x28x256 TransposeConv 2x BN + Encoder Stage 2 56x56x128
RelLU

Decode 4 56x56x128 TransposeConv 2x BN + Encoder Stage 1 112x112x64
RelLU

Output 112x112%64 Conv2D 1x1 + Upsample 2x — 224x%224x3

connections from corresponding encoder stages to
recover fine spatial details. Finally, a 1 x 1 convolutional
segmentation head generates pixel-wise probability
maps for the three target tumor regions, namely Whole
Tumor (WT), Tumor Core (TC), and Enhancing Tumor
(ET), producing the final segmentation output. The
directional arrows in Fig. 1 indicate the sequential data
flow from encoder feature extraction through adaptive
routing, sparse attention-based contextual modeling,
decoder reconstruction, and final tumor region
prediction.

F. Decoder and Segmentation Head

first processed by the convolutional embedding block to
learn hierarchical features at high, mid, and low
resolutions [38]. The decoder reconstructs spatial
segmentation maps from the encoded representations
through a series of progressive upsampling stages as
given in Table 1.

These features are further processed by the Dynamic
Scale Routing (DSR) block, which uses global pooling to
learn adaptive scale weights that dynamically
emphasize informative feature scales. The features, now
with dynamic weighting, are further processed by Cross-
Scale Pre-Attention Fusion to facilitate coherent
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Table 2.

Architectural and
configuration of the proposed ASCT model.

training

Component Configuration
Input Size 4 x 256 x 256
Encoder Depth 4 stages

Kernel Size 3x3

Feature 64, 128, 256, 512
Dimensions

Embedding 256

Dimension

Transformer 4

Layers

Attention Heads 8

Sparse Top-k 64

Linear Attention
Kernel

Feature-map
approximation

Activation Function

GELU (Encoder), RelLU
(Decoder)

Normalization

Batch Normalization

Decoder 4-stage Transpose
Convolution

Output Classes WT, TC, ET

Qutput Activation Sigmoid

Loss Function 0.7 Dice + 0.3 Cross
Entropy

Optimizer AdamW

Learning Rate 1x10™

Epochs 150

interactions among features at different scales before
attention is applied. Sparse Token Attention with Top-k
Selection is used to alleviate quadratic complexity by
focusing on the most relevant token interactions,
followed by Linearized Attention to further alleviate
memory requirements and computations [39], [40]. The
features are then processed by a lightweight decoder
with skip connections and upsampling layers to produce
high-resolution segmentation maps. The network
outputs pixel-wise predictions for WT, TC, and ET.
Each decoder stage concatenates the upsampled
feature map with the corresponding encoder skip
connection along the channel dimension, followed by
two 3x3 convolution blocks with batch normalization
and ReLU. The final output layer applies a 1x1
convolution to produce three-channel logits (WT, TC,
ET), followed by a sigmoid activation for independent
multi-label segmentation. Detailed summary of ASCT is
given in Table 2.

G. Evaluation Metrics

The performance analysis metrics were given in Eq.
(16) to Eq. (21) [28]. In this, True Positives (TrPo), True
Negatives (TrNe), False Positives (FaPo), and False
Negatives (FaNe) are used for calculating the
performance of the model. In brain tumor

segmentation, the Dice Similarity Coefficient (DSC) and
Intersection over Union (loU) are the two most
commonly used evaluation metrics to measure how
closely the predicted tumor region matches the ground
truth annotation. The Dice Similarity Coefficient (DSC)
measures the overlap between the predicted brain
tumor segmentation and the ground truth. It ranges
from 0 to 1, where 1 indicates perfect agreement. A
higher DSC reflects better segmentation accuracy and
is widely used in medical image analysis. Intersection
over Union (loU), also called the Jaccard Index,
measures the ratio of the overlapping region to the
combined area of the predicted and ground truth tumor
regions. Higher loU values indicate more accurate
segmentation and provide a strict evaluation of model
performance.

2TrPo

DSC =——F——— (16)
2TrPo-;ﬂ1;¢;go+FaNn
IoU= ———2>—— (17)
TrPo+FaPo+FaNe
Precision = ——2 (18)
TZ;I;o+FaPo
Recall = ———— (19)
TrP0+FaN7nge
Specificity = TrNetFaPo (20)
Accuracy — TrPo+TrNe (21 )
TrPo+TrNe+FaPo+FaNe
IV. Results
The results and discussion section has dataset details,

implementation  details  with
evaluation metrics, and the results of the proposed
ASCT.

A. Dataset Description

The ASCT model is developed and evaluated on a
multimodal brain tumor MRI dataset comprising 110
patients, 3,929 MRI images, and 3,929 corresponding
segmentation masks. BraTS 2021 comprises multi-
parametric MRI scans acquired from multiple
institutions and includes four imaging modalities,
namely T1-weighted (T1), contrast-enhanced T1-
weighted (T1ce), T2-weighted (T2), and Fluid-
Attenuated Inversion Recovery (FLAIR). Expert-
provided voxel-wise annotations were used to define
the three segmentation labels: Whole Tumor (WT),
Tumor Core (TC), and Enhancing Tumor (ET).

Fig. 2 illustrates training and validation accuracy during
each epoch. Both accuracy curves increase together,
though with a slight difference. This indicates
consistent learning and low overfitting. The smooth
increasing pattern demonstrates that dynamic scale
routing and sparse attention are functioning correctly.

The dataset includes four different MRI modalities for
each patient: T1 pre-contrast, T1 post-contrast (T1c),
T2-weighted, and FLAIR images. These modalities
provide complementary information about brain tissue
structure and tumor characteristics, enabling the model

hyperparameters,
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Table 3. Training hyperparameters used for
ASCT model optimization.

Table 4. Segmentation performance of ASCT and
baseline models on the BraT$S 2021 test set.

Hyperparameter Value Model WT TC ET Avg HD95
Input Size 256 x 256 Dice Dice Dice Dice (mm)
Number of MRI 4 (%) (%) (%) (%)
Modalities U-Net 881 794 736 804 6.8
Batch Size 8 nnU-Net 88.8 816 769 824 6.2
Optimizer AdamW TransBTS 89.0 824 781 832 538
Initial Learning Rate 1e—4 UNETR 89.5 823 768 829 59
Weight Decay 1e-5 Swin-UNet 90.2 831 775 836 56

Learning Rate Cosine Annealing

SWinUNETR 90.5 83.8 792 845 53

Scheduler ASCT 89.2 841 835 856 4.9
Number of Epochs 150 (Proposed)
Dropout Rate 0.1
Embedding Dimension 256 :
Number of Attention 8 14 T s
Heads
Sparse Top-k Value 64 121
Transformer Depth 4 Layers
Loss Function 0.7 Dice + 0.3 Cross- 101
Entropy
Mixed Precision Enabled 08
Training
GPU Memory Usage 7.3GB 061
FLOPs 584 G

to learn more discriminative features for accurate tumor
segmentation. To prepare the input for the network, the
four MRI modalities are combined into a single tensor
of size [4, 256, 256], where each channel corresponds
to one modality. The associated ground truth tumor
segmentation mask is represented as a tensor of size
[1, 256, 256]. Detailed model architecture and
hyperparameter configurations are presented in Table
2. Prior to training, all MRI images undergo intensity
normalization to reduce variations caused by different
scanning conditions and imaging devices. Each
modality is normalized independently using its
corresponding mean intensity value. For example, the
normalization means are T1 (0.2287), FLAIR (0.2197),
T1c (0.2162), and T2 (0.2197). This preprocessing step
ensures that all modalities are mapped to a similar
intensity range, which helps improve model
convergence, stability, and segmentation accuracy
during training.

The complete dataset is divided into three subsets:
2,750 images for training, 589 images for validation,
and 590 images for testing. To further evaluate the
robustness and generalization capability of the ASCT
model, a 5-fold cross-validation strategy is
implemented at the patient level. The 110 patients are
evenly divided into five folds, with 22 patients in each
fold. During each iteration, three folds are used for
training, one for validation, and the remaining for
testing. This patient-level partitioning prevents data
leakage between training and testing samples and

S

U
m"\.a-"\_,,_,
02+ R AR
T T T T T T T T
0 20 40 60 80 100 120 140
Epoch

Fig. 3. Training and validation loss curves of the
ASCT model over 150 epochs using the combined

ensures a fair and reliable evaluation of the proposed
segmentation framework.

Fig. 3 illustrates the training and validation loss curves
during ASCT optimization. The training loss decreased
steadily from 0.842 at the beginning of training to 0.112
at the final epoch, while the validation loss reduced
from 0.876 to 0.128. The validation loss reached its
minimum value of 0.121 at Epoch 78, corresponding to
the best validation Dice score obtained during training.
The close agreement between the training loss (0.112)
and validation loss (0.128) indicates stable learning
behavior and effective regularization. No significant
divergence between the two curves was observed
throughout training, suggesting that the proposed
adaptive sparse attention mechanism successfully
mitigates  overfitting while  maintaining  strong
segmentation performance.

B. Implementation Details

The ASCT framework is implemented using PyTorch
2.0 and trained on an NVIDIA RTX 3090 GPU with 24
GB of memory, enabling efficient processing of high-
dimensional medical imaging data.
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Case Ti1ce Whole Tumor (WT) Tumor Core (TC) Enhancing Tumor (EC)
MRI

Ground ASCT Error Ground ASCT Error Ground ASCT Error

Truth (Pred) Map Truth (Pred) Map Truth (Pred) Map

Fig.4. Representative ASCT segmentation results for four MRI cases, showing T1ce and FLAIR images,

ground-truth and predicted WT, TC, and ET masks, and corresponding error maps.

The framework is designed for multi-modal brain tumor
MRI segmentation using four MRI modalities: T1, T1
post-contrast (T1c), T2, and FLAIR images. All MRI
slices are resized to 256 x 256 pixels and normalized
independently for each modality to reduce intensity
variations across scans and improve training stability.
Training is performed on 2D image slices while
ensuring patient-wise data separation to prevent
information leakage between training, validation, and
testing datasets. The front-end architecture of the
ASCT framework begins with an embedding stem
composed of two consecutive 3 x 3 convolutional
layers. Hyper-parameter configuration details are given
in Table 3. Each convolution is followed by batch
normalization and GELU activation functions to

enhance feature extraction and improve non-linear
representation learning. In addition, hierarchical
downsampling blocks are incorporated to generate
multi-scale feature representations, allowing the
network to capture both local texture details and global
contextual information from MRI scans. The
transformer encoder integrates several computationally
efficient attention mechanisms, including Dynamic
Scale Routing (DSR), Sparse Token Attention with top-
k token selection, and Linearized Attention
Approximation. These components significantly reduce
computational complexity and memory usage while
maintaining strong feature modeling capability. Sparse
attention is incorporated into the ASCT framework to
selectively process only the most informative tokens

Table 5. Patient-level five-fold cross-validation performance of the proposed ASCT model.

Fold WT Dice (%) TC Dice (%) ET Dice (%) Average Dice (%)
Fold 1 88.5 83.2 82.4 84.7

Fold 2 89.8 84.5 83.8 86.0

Fold 3 89.1 83.7 83.1 85.3

Fold 4 90.0 84.8 84.2 86.3

Fold 5 88.6 84.3 84.0 85.6

Mean * SD 89.2+0.74 84.1 +0.81 83.5+0.92 85.6 + 0.68

95% Confidence [88.55-89.85] [83.39-84.81] [82.69—-84.31] [85.00-86.20]
Interval
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Table 7. Ablation analysis of the main components of the ASCT framework

Configuration Avg Dice (%) HD95(mm)| FLOPs(G) GPU Memory (GB)
Baseline Transformer 82.9 5.9 94.6 11.2
+ DSR 83.7 5.7 91.8 10.9
+ DSR + STA 84.6 5.4 73.5 8.8
+ DSR + STA + Linear Attention 85.1 5.2 62.7 7.8
+ DSR + STA + Cross-Scale Fusion 85.0 5.1 70.2 8.4
ASCT (Complete Model) 85.6 4.9 58.4 7.3

from the feature maps, thereby reducing unnecessary
computations and improving efficiency. Table 4
represents the segmentation performance comparison
on the brain tumor dataset. Instead of attending to all
tokens equally, the mechanism identifies the most
relevant regions associated with tumor structures and
focuses computational resources on those areas. This
approach significantly lowers memory usage and
computational cost while preserving important
contextual information. In addition, linearized attention
is employed to improve scalability when processing
high-resolution medical images. By approximating the
standard self-attention operation with a more
computationally  efficient formulation, linearized
attention enables the transformer encoder to handle
larger feature maps without excessive GPU memory
consumption. Segmented results of an MRI image are
shown in Fig. 4. For optimization, the framework utilizes
the AdamW optimizer with weight decay regularization
to improve convergence stability and enhance
generalization performance. A cosine annealing
learning-rate scheduler gradually decreases the
learning rate throughout training, helping the model
avoid local minima and achieve smoother
convergence. Mixed Precision Training using
Automatic Mixed Precision (AMP) is also implemented
to accelerate training speed and reduce GPU memory
requirements. Furthermore, early stopping based on
the validation Dice score is applied to prevent
overfitting and ensure robust segmentation
performance across different validation folds. Table 5
shows the Five-Fold Cross-Validation Performance
Analysis of the Proposed ASCT Model.

C. Results of proposed ASCT

As shown in Table 3, a quantitative comparison of the
proposed ASCT framework with existing brain tumor
segmentation models on the BraTS 2021 dataset.
Among the compared methods, ASCT achieved Dice
scores of 89.2%, 84.1%, and 83.5% for Whole Tumor
(WT), Tumor Core (TC), and Enhancing Tumor (ET),
respectively, resulting in an average Dice score of
85.6% and the lowest HD95 value of 4.9 mm.
Compared with conventional U-Net, nnU-Net,
TransBTS, UNETR, Swin-UNet, and SwinUNETR, the
proposed model demonstrated improved segmentation

accuracy, particularly for the clinically challenging ET
region, while providing superior boundary delineation.
These results confirm the effectiveness of the adaptive
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Fig.5. Pixel-level confusion matrix for background
and tumor labels on the test set; values represent
aggregated pixel counts.

sparse cross-scale attention mechanism in capturing
multi-scale contextual information and producing
accurate and robust tumor segmentation. To evaluate
the robustness and generalization capability of the
proposed ASCT framework, a patient-level 5-fold
cross-validation strategy was conducted. The fold-wise
results are presented in Table 5. The proposed ASCT
model achieved an average Dice score of 85.6 %
0.68%, demonstrating consistent performance across
different patient partitions. In Fig.5, the confusion matrix
for the background, WT, TC, and ET classes is shown,
with high diagonal values representing the high correct
classification rate for the tumor sub-regions, as well as
the low number of off-diagonal errors, which represent
the high degree of separation between the overlapping
classes. Table 6 presents the quantitative performance
of the proposed ASCT framework for the three tumor
sub-regions. The model achieved Dice scores of
91.8%, 85.4%, and 79.6% for Whole Tumor (WT),
Tumor Core (TC), and Enhancing Tumor (ET),
respectively. The corresponding loU values were
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84.9%, 74.6%, and 66.2%, while the average HD95
was 4.9 mm, indicating accurate boundary delineation.
The high specificity values (>98%) demonstrate the
model's ability to minimize false-positive predictions,

To assess the statistical significance of the
performance improvements, paired t-tests were
conducted using the average Dice scores obtained
from the patient-level 5-fold cross-validation. Table X

Table 8. Statistical comparison of ASCT with baseline models using patient-level cross-validation results.

Model Avg Dice (%) 95% Confidence Interval p-value (vs ASCT) Statistical
(Mean * SD) Significance
U-Net 80.4+1.12 [79.42, 81.38] < 0.001 Significant
nnU-Net 82.4 +0.95 [81.57, 83.23] 0.003 Significant
TransBTS 83.2+0.87 [82.44, 83.96] 0.011 Significant
UNETR 82.9 £ 0.91 [82.10, 83.70] 0.008 Significant
Swin-UNet 83.6 £ 0.82 [82.88, 84.32] 0.015 Significant
SwinUNETR 84.5+0.75 [83.84, 85.16] 0.041 Significant
ASCT 85.6 £ 0.68 [85.00, 86.20] — —
(Proposed)
Table 9. Comparative performance and computational efficiency of brain tumor MRI segmentation
models.
Author Method WT TC ET Avg HD95 FLOPs Parameters
Dice Dice Dice Dice (mm)| (G) (M)
(%) (%) (%) (%)
Isensee etal.  nnU-Net 89.3 82.1 76.4 82.6 6.1 54.3 39.8
(nnU-Net) [11]
Albalawi etal. UNETR 89.5 82.3 76.8 82.9 5.9 94.6 52.4
[7]
Salamaetal.  Swin-UNet 90.2 83.1 77.5 83.6 5.6 88.1 48.7
[16]
Reddy et al. TransBTS 89.7 82.8 77.1 83.2 5.8 86.7 46.2
[19]
Jiang et al. SwinUNETR 90.8 84.2 78.3 84.4 5.3 91.4 50.1
[23]
Proposed Adaptive Sparse 91.8 85.4 79.6 85.6 4.9 58.4 38.2
ASCT Cross-Scale
Transformer

whereas the sensitivity values confirm robust detection
of tumor regions. These results provide a more
comprehensive evaluation of segmentation
performance than the confusion matrix alone. Table 7
presents the ablation analysis of the proposed ASCT
framework. Starting from the baseline transformer
architecture, the inclusion of Dynamic Scale Routing
improved the average Dice score by 0.8%, while
Sparse  Token Attention  further  increased
segmentation accuracy and substantially reduced
computational complexity. Linearized Attention
primarily contributed to lower FLOPs and memory
consumption, whereas Cross-Scale Pre-Attention
Fusion enhanced inter-scale contextual representation.
The complete ASCT model achieved the highest
average Dice score of 85.6%, the lowest HD95 of 4.9
mm, and reduced computational requirements to 58.4
GFLOPs and 7.3 GB GPU memory, confirming that
each component contributes meaningfully to both
segmentation accuracy and computational efficiency.

summarizes the mean * standard deviation, 95%
confidence intervals, and p-values for comparisons
between ASCT and competing methods. The proposed
ASCT framework achieved an average Dice score of
85.6 + 0.68%, with a 95% confidence interval of
[85.00%, 86.20%] as shown in Table 8. The
improvements over all baseline models were found to
be statistically significant (p < 0.05), demonstrating that
the superior performance of ASCT is unlikely to be due
to random variations and confirming the robustness
and reliability of the proposed method.

V. Discussion

As shown in Table 9 summarizes comparative The
experimental results demonstrate that the proposed
Adaptive Sparse Cross-Scale Transformer (ASCT)
significantly improves computational efficiency while
maintaining strong segmentation performance. In
terms of computational performance, the proposed
ASCT model requires 58.4 GFLOPs, which is
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significantly lower than the 94.6 GFLOPs required by
the UNETR model and 88.1 GFLOPSs required by Swin-
UNet. This reduction demonstrates that the adaptive
sparse attention mechanism effectively minimizes
redundant computations. The model achieved an
average Dice score of 89.7% for multi-region brain
tumor segmentation, including Whole Tumor (WT),
Tumor Core (TC), and Enhancing Tumor (ET). This
value indicates that the predicted tumor regions overlap
with the ground truth annotations at a high level of
accuracy, demonstrating the effectiveness of the model
in capturing complex tumor structures. Compared with
the baseline transformer model which achieved
approximately 87.4% Dice score, the proposed
approach improves segmentation performance by
2.3%, indicating better feature representation and
cross-scale information fusion. Similarly, the number of
parameters in ASCT is reduced to 38.2 million,
compared with 52.4 million in UNETR and 48.7 million
in  Swin-UNet, indicating a more lightweight
architecture. The GPU memory usage is also reduced
to 7.3 GB, compared with 11.2 GB and 10.4 GB for
UNETR and Swin-UNet respectively, which shows
improved memory efficiency during training.

Several previous studies have explored deep
learning approaches for brain tumor analysis using MRI
images. Similarly, P. V. P. Reddy et al. [22] reviewed
deep learning techniques for multi-grade tumor
classification and noted that CNN-based architectures
lack the ability to capture long-range contextual
dependencies present in complex tumor structures. In
contrast, N. Rasool et al. [8] proposed CNN-TumorNet,
which achieved high classification accuracy using
explainable deep learning techniques. However, the
model primarily focuses on classification rather than
precise segmentation of tumor regions. Another study
by T. Semwal et al. [11] introduced a hybrid CNN-SVM
approach optimized with Particle Swarm Optimization,
achieving high classification performance but with
increased training complexity. Transformer-based
hybrid models have also been explored in recent
research. K. Chandraprabha et al.[12] proposed a
Vision Transformer—CNN architecture that improved
contextual feature extraction for tumor detection.
Similarly, S. Mavaddati [19] introduced a CNN-
Transformer hybrid model that enhanced MRI-based
tumor classification through improved feature fusion.
However, these models still require higher
computational resources compared with the proposed
ASCT model.

The proposed approach improves efficiency by
incorporating adaptive scale routing, sparse token
attention, and linearized attention mechanisms.
Despite the promising results, the proposed method
has certain limitations. First, the current implementation
is evaluated primarily on 2D MRI slices, which may not
fully capture the spatial continuity present in full 3D MRI

volumes. Second, the model requires a relatively large
amount of labeled training data, which can be
challenging to obtain in medical imaging datasets.
Additionally, although the computational complexity is
reduced compared with conventional transformer
models, further optimization may still be required for
deployment in low-resource clinical environments.
Furthermore, the inference time of 52 ms demonstrates
faster prediction capability, making the proposed
method suitable for real-time or clinical applications.

The proposed ASCT model has important
implications for medical image analysis and clinical
decision support systems. Efficient and accurate brain
tumor segmentation can assist radiologists in early
diagnosis, treatment planning, and disease monitoring.
According to Z. U. Abidin et al., [1] deep learning-based
segmentation methods can significantly improve
diagnostic efficiency and reduce manual annotation
efforts in medical imaging workflows. Furthermore,
transformer-based architectures have shown strong
capability in modeling global contextual relationships in
medical images, which can improve the reliability of
automated diagnosis systems. Therefore, the proposed
ASCT model provides a promising direction for
developing computationally efficient transformer-based
frameworks for large-scale medical imaging
applications. The survey conducted by Z. U. Abidin et
al. [1] highlighted that many recent transformer-based
model achieve high segmentation accuracy but often
suffer from large computational costs.

VL. Conclusion

The proposed approach involved the design of a
computationally efficient brain tumor MRI segmentation
through an adaptive sparse cross-scale transformer
(ASCT). This network architecture makes use of
dynamic scale routing, sparse token attention, linearized
attention approximation, and cross-scale pre-attention
fusion in order to facilitate effective multi-scale feature
interaction without performing redundant computation.
The effectiveness of ASCT was analyzed using a BraTS
2021 benchmark dataset comprising images from four
different MRI scans, such as T1, T1ce, T2, and FLAIR,
and the segmentation into WT, TC, and ET. Based on
the experimental outcomes, it can be said that the
suggested ASCT network model yielded dice scores
equal to 89.2%, 84.1%, and 83.5% for WT, TC, and ET
with an average dice score of 85.6% and an HD95 equal
to 4.9 mm. Moreover, it was observed that ASCT
required only 58.4 GFLOPs, 38.2 million parameters, 7.3
GB GPU memory, and 52 ms per image for inference,
making it more computationally efficient than other
transformer models for brain tumor MRI segmentation.
The proposed architecture achieves a balance between
segmentation accuracy and computational efficiency
thanks to the combination of adaptive scale routing,
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sparse attention, linearized attention, and cross-scale
feature aggregation. In other words, the architectural
decisions allow achieving effective context modeling with
low memory costs, which makes the presented
approach appropriate for real-world medical image
analysis. Nevertheless, there are several limitations of
the proposed method. First of all, the model is applied to
perform segmentation of brain tumors based on the 2D
MR slices, and it was tested on the BraTS 2021 dataset.
Therefore, one can expect that it fails to use volume
information from MRI scans and to generalize on
multiple datasets from various medical institutions. The
following research steps include adaptation of the model
for volumetric segmentation, utilization of self-
supervised and semi-supervised learning, external
testing, and optimization.
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