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Abstract

Accurate and automatic segmentation of brain tumors from
Magnetic Resonance Imaging (MRI) plays a vital role in diagnosis,
treatment planning, and disease monitoring. While Convolutional
Neural Network (CNN)-based architectures excel at extracting
local features, they are limited in comprehending global image
context; conversely, Transformer models are superior in modeling
long-range and global dependencies, thereby addressing this CNN
limitation. In this paper, we propose a novel hybrid U-shaped
architecture that effectively combines the strengths of both
approaches by utilizing a pre-trained Swin-Transformer backbone
as the encoder to extract hierarchical and context-rich global
features. The key innovation is the introduction of two sophisticated
spatial attention modules to refine and adapt the encoder features
specifically for the medical domain, along with a channel attention-
aided upsampling module in the decoder to adaptively and
optimally re-weight the information received from the skip
connections. Evaluations conducted on the challenging BRISC
dataset show that our proposed method outperforms previous state-
of-the-art models, achieving an 80.6% score in Weighted loU and
88.6% in the Dice Coefficient, thereby proving the efficiency of
combining the Transformer with dual attention mechanisms.
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