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A B S T R A C T

Precise neuro-oncological diagnosis necessitates the accurate delineation and histological
typing of brain tumors. However, current automated systems often fail to address the
extreme morphological variability of lesions and lack unified frameworks capable of executing
segmentation and classification simultaneously without computational redundancy. To overcome
these limitations, we introduce Swin-HAFNet, a novel hierarchical multi-task transformer
designed for robust, dual-task analysis. The architecture leverages a Swin Transformer backbone
to extract rich multi-scale representations. Following this feature extraction, a Contextual
Bottleneck Enhancer employs shifted-MLPs and gated encoding units to refine latent spatial
dependencies. Furthermore, a Hierarchical Attention Fusion module integrates self-attention
with deformable convolutions to adaptively merge encoder-decoder features and preserve
boundary details. Complementing these components, a dedicated classification branch utilizes
dimension and spatial reduction to synthesize hierarchical features for precise multi-class
grading. Comprehensive validation on the BRISC and diverse Kaggle datasets demonstrates the
superior generalization and robustness of the model. Swin-HAFNet achieves a weighted mean
Intersection over Union of 82.4% for segmentation and an accuracy of 99.63% for classification
on BRISC dataset. By seamlessly integrating pixel-level localization with image-level diagnosis,
this work validates the efficacy of multi-task learning and establishes a new benchmark for
unified and clinically translatable brain tumor analysis.

1. Introduction
Brain tumors represent one of the most fatal and complex categories of cancer, necessitating precise localization

and accurate histological typing for optimal therapeutic intervention [1, 2]. Magnetic Resonance Imaging (MRI)
remains the gold standard for non-invasive neuro-imaging, providing high-resolution visualization of brain structures
and pathological lesions [3, 4]. Despite the potential of automated systems to reduce radiologist workload and
inter-observer variability, the clinical deployment of these tools remains challenging [5]. The primary difficulty lies
in the dual requirement of segmentation, which involves pixel-wise delineation of tumor boundaries (e.g., glioma,
meningioma, or pituitary), and classification, which identifies the specific malignancy type or non-tumorous condition
[6, 7]. Accurate diagnosis depends on capturing both the fine-grained texture of the lesion and its global anatomical
context relative to critical brain structures.

Recent advancements in medical image analysis have transitioned from traditional machine learning to deep
learning paradigms, specifically Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) [8, 9].
Standard architectures like U-Net and its variants have been widely adopted for segmentation due to their hierarchical
structure; however, they often lack the long-range dependency modeling required to understand complex tumor
morphologies [10, 11]. In contrast, transformer-based models have emerged as powerful alternatives, utilizing self-
attention mechanisms to capture global contextual information [12, 13]. While many studies focus solely on a single
task, the development of multi-task frameworks that can simultaneously handle both has become a prominent research
frontier in recent years [14, 15].
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The integration of segmentation and classification tasks presents several persistent challenges. First, brain tumors
exhibit extreme heterogeneity in size, shape, and intensity, often blending into healthy tissue or mimicking non-
neoplastic lesions like abscesses or cysts [16, 17]. Second, intensity inhomogeneity and variations in MRI acquisition
protocols across institutions introduce domain-shift issues that degrade model generalization [18, 19]. Most critically,
existing multi-task frameworks often utilize a shared encoder with separate decoders, a design that leads to task
interference and sub-optimal feature sharing. These models frequently fail to adaptively fuse multi-scale features
for the opposing requirements of pixel-level segmentation and image-level classification, resulting in significant
computational overhead and a loss of spatial resolution in the decoding path [20, 21]. Addressing these issues requires
a model that not only extracts robust features but also adaptively aggregates them across different stages of the network.

To overcome these limitations, we propose Swin-HAFNet, a lightweight yet powerful hierarchical transformer
designed for robust dual-task analysis. Our method utilizes a Swin Transformer backbone to extract multi-scale
semantic representations. We introduce the Hierarchical Attention Fusion (HAF) module to integrate encoder and
decoder features more effectively than standard skip connections, ensuring that spatial details are preserved during
reconstruction. Furthermore, we incorporate a Contextual Bottleneck Enhancer (CBE) to refine latent representations
by modeling spatial context in both horizontal and vertical directions. This dual-task framework is optimized through
a compound loss function that ensures boundary precision for segmentation and high categorical accuracy for
classification.

The main contributions of this work are summarized as follows:

• A unified, lightweight multi-task architecture where a single, shared feature hierarchy is optimally distilled
for both tasks via specialized, efficient heads, thereby minimizing task interference.

• A novel HAF module that replaces standard skip connections with an adaptive, attention-based mechanism for
precise boundary preservation.

• CBE for explicit long-range spatial context modeling in the latent space, crucial for irregular tumor morphology.

2. Background
Overview of Brain Tumors

Brain tumours are amongst the most fatal of all cancers [22]. Amongst paediatric solid tumours, brain tumours
are most fatal and commonly occurring [22]. There is diversity in the types of brain tumours, including but not
limited to gliomas which account for 45% of brain tumours with pituitary tumours and meningiomas accounting
for 15% each [23]. The gold standard imaging for diagnosis of a brain tumours or brain metastases is an MRI scan
with gadolinium [24]. When possible, management is initially via surgery to remove the lesion which is then sent
for histological and molecular genotype identification [24]. Pre, intra and post-operative MRIs can be used to guide
surgical resection and management [24, 25, 26]. Intra-operatively, functional MRIs visualise cerebrovascular activity
which can be correlated with neuronal activity, aiding the surgical team. Other techniques such as cord simulation
can also be used [25]. In many scenarios, regardless of skill, neurosurgical reach has to be limited for safety due
to the presence of many functionally important regions within the organ [22, 24]. Further management includes the
use of medical interventions for symptomatic management, radiotherapy and chemotherapy [22]. The blood brain
barrier poses challenges to medical interventions and chemotherapy, this barrier filters material entering the brain via
circulation, limiting medical access to the brain [22]. Localisation of the lesion and adjacent structures via MRIs can
guide both surgical and radiotherapeutic planning [27]. In summary, MRI scans are used in the initial diagnosis and
management planning of brain tumours, including pre-surgical use and as guidance for radiotherapy [27].

Glioma
Gliomas are primary brain tumours, they are the most common of malignant primary brain tumours in adults [24].

They arise from glial cells or stem cells which develop glial properties during neoplastic changes [28]. Glial cells
designate a group of different cells which provide support for neurons, for example by the formation of axonal myelin
sheaths [29]. For adults, the most aggressive form of gliomas, the glioblastoma, has a two-year survival time [22].
Gliomas can be classified according to the WHO 2016 classification of Central Nervous System (CNS) tumours [28].

Diffuse forms of gliomas can grow in irregular shapes, extensively infiltrating brain parenchyma [28], this makes
neurosurgical management difficult as safe maintenance of functional brain tissue is required during resection [22, 24].
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Meningioma
Meningiomas in adults are the most common, being 30% of central nervous system tumours, whilst they are

rare amongst children [30]. They arise from cells on the outer layer of the arachnoid mater, a part of the meninges
[30]. The meninges is a layer in the central nervous system which encompasses the brain, cerebrospinal fluid and
spinal cord [31]. Though, a meningioma could arise anywhere on the meninges, 98% of meningiomas are intracranial
[30]. Usually benign lesions, they can be slow growing [30]. MRI scans in conjunction with CT scan can be used for
diagnosis and treatment planning [30]. Treatment generally consists of neurosurgical treatment, occasionally in adjunct
with radiotherapy [30]. Benign meningiomas can grow to a large size with pressures on the brain causing symptoms
[32]. Non-benign meningiomas are associated with irregular shapes and tumours heterogeneity and therefore, benign
meningiomas tend to be associated with regular shapes and homogeneity [33].

Pituitary Tumors
These are tumours originating in the pituitary gland, a small structure at the base of the brain, above the sphenoid

bone [34]. The pituitary gland has an essential role in growth, metabolism and reproduction [35]. Due to this, pituitary
tumours can cause a wide range of symptoms including but not limited to; mood disorders, diabetes mellitus, obesity,
infertility and visual disturbances [35]. However, only one third of these tumours are symptomatic [35]. The majority of
pituitary tumours are benign and when treated, treatment generally includes neurosurgical resection and radiotherapy
[36].

Non-Tumorous Conditions
Non-tumorous conditions include both normal brain scans (from subjects without visible abnormalities) and scans

with non-neoplastic lesions that can mimic tumorous appearance but are not neoplastic in origin. These may represent
inflammatory or vascular pathologies such as abscesses, cysts, haematomas, or aneurysms [37]. The inclusion of
such cases provides a broader spectrum of appearances encountered in clinical neuroimaging and enables models to
better distinguish tumorous from non-tumorous abnormalities. Due to the high soft-tissue sensitivity of MRI, these
conditions can often be characterised radiologically, although histopathological confirmation (e.g., via biopsy) may
still be required in practice [38].

Anatomical planes
The main anatomical planes are coronal, transverse and sagittal planes [39]. These may be more simply described

as a ‘front to back’ vertical plane, a ‘top to bottom’ horizontal plane, a longitudinal ‘side to side’ plane [39]. For a
radiologist reporting an MRI scan, the above planes are available for viewing [40].

Challenges in Brain Tumor Diagnosis
As mentioned above, some tumours do not cause symptoms until reaching a certain growth [32], this may lead

to late clinical suspicion to warrant imaging. When available and possible, the best imaging modality are MRI scans
[24]. Even the use of neurological imaging can lead to misdiagnosis as neoplastic and non neoplastic conditions can
mimic each other. As mentioned above, there are non tumorous space occupying lesions, these can be benign, meaning
surgical resection and biopsy exposes many patients unnecessarily to the risks of surgery [16]. There are also neoplastic
brain lesions which do not appear as a space occupying lesion [16]. Not neglecting T1 precontrast imaging can aid
avoidance of misdiagnosis [16]. Further MR imaging modalities and a thorough clinical assessment alongside some
further investigations can aid in reducing errors [16]. There are certain tumours which are difficult to visualised on
MRI, though MRIs provide a high level of diagnostic accuracy for most tumours [41].

3. Related Work
Deep learning has become the dominant paradigm for automated brain tumor analysis, with notable progress in

both segmentation and classification tasks. Recent research has shifted from conventional convolutional architectures
toward advanced models that leverage attention mechanisms, multi-scale feature learning, and transformer-based
representations. This section reviews representative methods for brain tumor segmentation and classification.

3.1. Brain Tumor Segmentation
The main goal of segmentation is the precise delineation of tumor subregions, including necrotic core, edema, and

enhancing tumor. Modern strategies focus on enhancing encoder-decoder architectures. For example, frameworks that
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adaptively optimize encoder, bottleneck, and decoder configurations achieve a better trade-off between segmentation
accuracy and computational cost [42]. Similarly, integrating recurrent residual attention mechanisms into U-Net variants
enables refinement of feature maps and emphasizes salient tumor regions while suppressing irrelevant background
information [43].

Recent approaches also exploit multi-scale and context-aware designs. 3D convolutional networks capture
volumetric information across slices, preserving spatial continuity in tumor regions [44]. Attention modules and
feature refinement blocks enhance the representation of fine-grained structures, improving boundary delineation.
Parallel network paths or dilated convolutions maintain a wide receptive field to simultaneously capture local and
global features, which is crucial for heterogeneous tumor tissues [45].

Another trend is the integration of transformer-based modules into segmentation architectures. ViTs or hybrid
CNN-ViT networks are employed to capture long-range dependencies across the image, complementing the local
receptive fields of CNNs. These methods have demonstrated improved performance in segmenting tumors with
irregular shapes or diffuse boundaries [46].

Additionally, attention mechanisms such as channel-wise, spatial, or self-attention layers are frequently incorporated
to refine features at multiple scales. These layers help networks focus on relevant tumor regions, enhancing segmentation
accuracy, especially in challenging cases with low contrast between tumor and healthy tissue [47]. Data augmentation
and multi-modal input integration further improve model robustness and generalization across different patients and
imaging protocols [48].

Despite the significant progress in automated brain tumor segmentation, most existing architectures still face
difficulties in accurately delineating tumor boundaries where intensity gradients are subtle. While standard skip
connections in U-shaped networks attempt to recover spatial details, they often introduce semantic noise by fusing
misaligned features from the encoder and decoder [49, 50]. Furthermore, traditional convolutional kernels lack the
global receptive field necessary to capture the full morphological context of heterogeneous lesions [51]. These
limitations highlight the need for more advanced fusion strategies and contextual enhancement mechanisms that can
adaptively prioritize relevant spatial and semantic information for precise boundary reconstruction [52].

3.2. Brain Tumor Classification
Classification tasks have progressed from binary detection to multi-class grading and survival prediction, often

leveraging multimodal feature integration. Attention mechanisms are widely adopted to focus on the most informative
regions in high-dimensional radiomics or image features [53].

Hybrid architectures combining CNNs for local feature extraction with ViTs for global context modeling have
gained prominence. These models often include explainability techniques such as SHAP or Gradient-weighted Class
Activation Mapping (Grad-CAM) to highlight the spatial and semantic relevance of predictions [54]. Hyperparameter
optimization remains critical; systematic tuning of learning rates, filter sizes, and dropout ratios improves diagnostic
robustness [55].

Feature extraction is increasingly performed using multi-path or multi-scale designs. Dilated convolutions, parallel
CNN streams, or pyramid pooling modules allow models to capture features at varying resolutions, preserving both
fine-grained details and global context [45]. Transfer learning from pre-trained networks such as ResNet or DenseNet
remains popular for reducing training time and improving feature representation, especially in datasets with limited
labeled samples [46].

Recent models also leverage attention-based fusion of multimodal features, integrating structural MRI with
functional or metabolic imaging to improve classification accuracy [44]. Such fusion frameworks can dynamically
weight the contribution of different modalities, enabling the model to focus on the most predictive sources of
information. For survival prediction, deep learning models estimate tumor progression metrics, including proliferation
rates and diffusion characteristics, offering clinicians actionable insights for prognosis and treatment planning [47].

While deep learning models have achieved high accuracy in brain tumor grading, many current approaches rely
on single-scale feature extraction or isolated task training [56, 57]. Such methods often fail to leverage the rich,
multi-scale semantic information that is inherently generated during the segmentation process [58]. Moreover, the
lack of unified frameworks that can simultaneously handle pixel-level localization and image-level classification often
results in sub-optimal feature representations [59].
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4. Proposed method
4.1. Overall Design Philosophy

To address the dual challenges of precise pixel-level localization and accurate image-level grading, we propose
a unified architecture governed by three core design principles. First, rather than employing separate encoders for
each task, we utilize a shared Hierarchical Swin Backbone. This backbone extracts a single, robust multi-scale feature
pyramid used simultaneously by both task heads. Second, the segmentation pathway prioritizes spatial fidelity through
our novel modules. The CBE, which captures anisotropic (direction-specific) dependencies often missed by standard
isotropic kernels, and the HAF, which actively aligns and recalibrates semantic features between encoder and decoder
rather than resorting to passive concatenation. Third, the classification pathway is designed for maximum efficiency;
it leverages an intelligent Feature Fusion strategy that distills the pre-computed backbone features into a compact
descriptor, allowing for high-accuracy grading without the overhead of a secondary feature extractor.

4.2. Segmentation task
4.2.1. Overview

In this part, we present a novel transformer-based architecture for accurate and efficient tumor segmentation in
brain MRI scans. The overall framework adopts an encoder-decoder structure, where the encoder extracts multi-scale
semantic representations from the input image, and the decoder progressively reconstructs the segmentation map using
enhanced contextual features.

The encoder is built upon a hierarchical Swin Transformer backbone, which efficiently captures both local and
global dependencies through shifted window-based self-attention. To further refine the extracted features, we use the
CBE, which enriches feature representations using a sequence of lightweight yet effective operations, including shifted
multilayer perceptrons (MLPs) and gated encoding units.

To preserve high-resolution semantic details during decoding, we design a lightweight decoder that includes
Adaptive Context Aggregator blocks, which adaptively fuse local and global context from the encoder outputs.
Additionally, we propose a HAF module that integrates multi-scale features from different encoder levels through a
combination of Swin Transformer blocks and deformable convolutions, allowing the model to capture hierarchical
dependencies and spatial variations effectively.

Together, these components enable our model to achieve robust segmentation performance while maintaining
computational efficiency. The complete architecture is illustrated in Figure 1.

4.2.2. Encoder Architecture
The encoder of the proposed segmentation model is designed to extract rich hierarchical features from brain MRI

scans using a multi-stage Swin Transformer-based backbone. It begins with a patch partition module, which splits
the input image into non-overlapping patches. These patches are then flattened and mapped to a fixed-dimensional
embedding space through a Linear Embedding layer.

Following this, the encoder comprises three repeated stages, each consisting of two Swin Transformer Blocks
followed by a patch merging layer. The Swin Transformer blocks utilize a window-based self-attention mechanism
with a shifted window strategy, allowing the model to effectively capture local and non-local dependencies with
reduced computational cost. The patch merging operation downsamples the spatial resolution while increasing the
feature dimensionality, forming a hierarchical representation.

This hierarchical structure enables the encoder to progressively capture multi-scale semantic information, which
is crucial for segmenting tumors of varying sizes and shapes. The feature maps from different stages are later passed
to the HAF modules, enabling multi-level feature interaction and refinement in the decoding process.

4.2.3. Hierarchical Attention Fusion (HAF) Module
Standard U-shaped architectures typically rely on simple skip connections (concatenation) to recover spatial details.

However, this approach often introduces "semantic noise" because the low-level encoder features are not aligned with
the high-level decoder context. The HAF module addresses this by introducing an active alignment mechanism. Unlike
a standard transformer block, HAF employs a dual-branch design: it utilizes a Swin block to capture long-range
semantic context and a parallel Deformable Convolution branch to adaptively align local geometric structures. This
ensures that the encoder features (𝑥skip) are spatially and semantically recalibrated before being merged with the
decoder stream (𝑥decoder), significantly reducing the semantic gap and improving boundary precision.

At each stage of the decoder, the HAF module takes two inputs:
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Figure 1: The overview of the Swin-HAFNet

• 𝑥skip: The skip connection feature map from the encoder.

• 𝑥decoder: the upsampled feature map from the previous decoder layer.

The decoder feature 𝑥decoder is first passed through a Swin Transformer Block to refine contextual dependencies
and enhance representation. As shown in Equation 1, the refined feature is then concatenated with the corresponding
encoder feature 𝑥skip along the channel dimension.

𝑥cat = Concat(𝑥skip, Swin(𝑥decoder)) (1)
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Figure 2: Hierarchical Attention Fusion module

This concatenated feature map 𝑥cat is then projected through a 1 × 1 convolutional layer (Equation 2).

𝑥out = Conv1×1(𝑥cat) (2)

The resulting output 𝑥out maintains the same spatial resolution as 𝑥decoder and serves as the input for the next step in
the decoder. This fusion strategy allows the network to maintain fine spatial information while enriching the semantic
features through transformer-based attention. The Architecture of HAF is shown in Figure 2.

4.2.4. Contextual Bottleneck Enhancer (CBE)
While standard Transformer blocks effectively model global dependencies, they are computationally intensive

and often treat spatial directions isotropically. Medical images, however, frequently contain anatomical structures
with distinct directional biases (e.g., elongated tumor boundaries). The CBE is designed to capture these anisotropic
spatial dependencies efficiently. Instead of heavy self-attention, CBE decomposes spatial context modeling into two
orthogonal steps: horizontal and vertical token mixing. By sequentially processing features along the width and height
axes using shifted-MLPs, the module captures long-range dependencies with a fraction of the parameters of a full
transformer block.

Given an input feature map 𝑋, we first perform a spatial shift along the width axis to encourage cross-region
interaction:

𝑋𝑊
shift = Shift𝑊 (𝑋). (3)

The shifted features are then projected into token embeddings using a width-aware MLP, as shown in Equation (3):

𝑇𝑊 = MLP𝑊 (𝑋𝑊
shift). (4)

Next, the tokens are refined using a depth-wise convolution followed by a GELU activation to introduce non-linearity
and enhance local context:

𝑌 = GELU(DWConv(𝑇𝑊 )). (5)

To further aggregate spatial information, the refined features are shifted along the height axis:

𝑌 𝐻
shift = Shift𝐻 (𝑌 ), (6)
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Figure 3: Structure of the Adaptive Context Aggregator module.

and subsequently processed by a second directional MLP:

𝑇𝐻 = MLP𝐻 (𝑌 𝐻
shift). (7)

Finally, a residual connection combines the transformed tokens with the original tokenized input 𝑇 , and the result
is normalized to stabilize training:

𝑍 = LN(𝑇𝐻 + 𝑇 ). (8)

As indicated by Equations (3)–(8), the CBE sequentially captures contextual dependencies along both spatial
directions while preserving the original semantic information via residual learning.

4.2.5. Decoder Architecture
The decoder receives as input the enhanced representation produced by CBE and gradually reconstructs the

segmentation map through a hierarchical upsampling process. Unlike traditional encoder-decoder architectures, our
decoder integrates semantic context at multiple levels by leveraging the Adaptive Context Aggregator and HAF module.

At each stage of the decoder, the feature map undergoes a Patch Expanding operation to increase the spatial
resolution. Following this, contextual features generated by the Adaptive Context Aggregator are fused with encoder
features using the HAF module. The output of the HAF block serves as an enhanced skip connection, injected into the
decoder pathway to guide the reconstruction process with both fine-grained and semantic details.

This structured design ensures that skip connections are not merely concatenations of encoder features, but rather
semantically enriched representations aligned with the decoder’s current context. After multiple stages of patch
expansion and fusion, the final feature map is passed through a linear projection layer to produce the segmentation
output. culminating in a final linear projection to generate the final prediction map.

4.2.6. Adaptive Context Aggregator
To effectively inject adaptive context into the decoder path, we employ the Adaptive Context Aggregator module.

This block is responsible for enhancing the decoder features by integrating both local geometric and global semantic
information.

As illustrated in Figure 3, the Adaptive Context Aggregator module receives the decoder feature map as input. It
first processes this input through a Swin Transformer Block to capture long-range dependencies and global contextual
cues. In parallel, the same input is passed through a Deformable Convolution layer to focus on important local structures
and spatially variant patterns.
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The outputs of both the Swin Transformer and the Deformable Convolution branches are concatenated and fused
via a 1×1 convolution layer. This fusion ensures that both global and local contexts are adaptively aggregated in a
computationally efficient manner. The resulting feature map serves two purposes: it is passed to the HAF module to
refine the skip connection at the current decoder level, and it is also forwarded to the subsequent Patch Expanding
block in the decoder pipeline. This dual role ensures both better feature fusion and more informed upsampling in the
reconstruction process.

4.3. Classification task
4.3.1. Overview

In addition to tumor segmentation, we design a classification pipeline to discriminate between four diagnostic
categories: glioma, meningioma, pituitary, and non-tumorous. A critical advantage of our design is its efficiency: rather
than training a separate classification network, we intelligently reuse the frozen multi-scale feature representations
already extracted by the segmentation backbone. The classification branch transforms these heterogeneous, high-
dimensional segmentation features into a compact, discriminative descriptor through a sequence of dimension and
spatial reduction steps. This allows the model to perform robust multi-class grading with negligible added computational
cost, effectively turning the heavy lifting of the segmentation encoder into a "free" resource for classification. The
overall structure of the classification framework is illustrated in Figure 4.

4.3.2. Backbone Architecture
The classification framework employs the Swin Transformer backbone, which naturally produces multi-scale feature

representations through its hierarchical design. The backbone makes features at four progressive stages, capturing both
fine spatial details in early layers and high-level semantic patterns in deeper layers. This multi-scale approach is
particularly valuable for tumor classification, where diagnostic decisions depend on both localized texture features and
global anatomical context.

4.3.3. Dimension Reduction
Each feature map 𝐅𝑖 ∈ ℝ𝐶𝑖×𝐻𝑖×𝑊𝑖 is first passed through a 1 × 1 convolution to reduce the channel dimension to

64. This projection ensures uniform channel size and reduces computational overhead. as shown in Equation 9 the
operation is followed by a ReLU activation and Batch Normalization (BN) to improve representation stability and
training convergence.

𝐅′
𝑖 = BN

(

𝜎(Conv1×1(𝐅𝑖))
)

, 𝐅′
𝑖 ∈ ℝ64×𝐻𝑖×𝑊𝑖 , (9)

where 𝜎(⋅) denotes the ReLU function.

4.3.4. Spatial Reduction
To unify the spatial dimensions, we apply a 3 × 3 convolution with different stride settings to each feature map.

Specifically, strides of {8, 4, 2, 1} are used for the four successive stages of the Swin backbone. This design downscales
all feature maps to a common resolution of 7 × 7, while preserving semantic richness (Equation 10).

𝐒𝑖 = BN
(

𝜎(Conv3×3, stride=𝑠𝑖 (𝐅
′
𝑖))
)

, 𝐒𝑖 ∈ ℝ64×7×7. (10)

4.3.5. Feature Fusion
Once channel and spatial dimensions are aligned, as shown in Equation 11 the four feature maps are concatenated

along the channel axis:

𝐅𝑐𝑎𝑡 = Concat(𝐒1,𝐒2,𝐒3,𝐒4), 𝐅𝑐𝑎𝑡 ∈ ℝ256×7×7. (11)

This fusion operation aggregates complementary multi-scale cues, allowing the classifier to benefit simultaneously
from low-level structural features and high-level semantic context.

4.3.6. Global Representation
To generate a fixed-dimensional representation invariant to spatial variance, a Global Average Pooling (GAP) layer

is applied over 𝐅𝑐𝑎𝑡, producing a 256-dimensional vector:

𝐳 = GAP(𝐅𝑐𝑎𝑡), 𝐳 ∈ ℝ256. (12)
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Figure 4: Overview of the proposed classification module. multi-scale feature maps from the Swin Transformer backbone are
reduced, aligned, fused, and projected into class predictions.

4.3.7. Classification Head
The pooled vector 𝐳 is passed through a lightweight classification head composed of Layer Normalization (LN), a

fully connected linear projection, ReLU activation, and Batch Normalization:

𝐲 = BN
(

𝜎(Linear(LN(𝐳)))
)

, (13)

where 𝐲 ∈ ℝ4 are the class logits. A softmax function is then applied to obtain the final categorical distribution across
the four tumor classes.

4.4. Loss Function
To train the proposed segmentation model, we utilize a compound loss function that combines the Binary Cross-

Entropy (BCE) loss and the Dice loss. The BCE component focuses on pixel-level classification accuracy, while the
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Dice loss emphasizes region-level consistency, which is particularly effective in addressing class imbalance commonly
present in medical image segmentation tasks.

Given the ground truth mask 𝑦 ∈ {0, 1}𝑁 and the predicted probabilities 𝑦̂ ∈ [0, 1]𝑁 for 𝑁 pixels, the BCE loss
is formulated as shown in Equation 14.

BCE = − 1
𝑁

𝑁
∑

𝑖=1

[

𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)
]

, (14)

The Dice loss, which evaluates the overlap between predicted and ground truth regions, is defined as shown in
Equation 15.

Dice = 1 −
2
∑𝑁

𝑖=1 𝑦𝑖𝑦̂𝑖 + 𝜖
∑𝑁

𝑖=1 𝑦𝑖 +
∑𝑁

𝑖=1 𝑦̂𝑖 + 𝜖
, (15)

where 𝜖 is a small constant added to avoid division by zero.
The final loss used to optimize the network combines these two components, as shown in Equation 16.

total = BCE + Dice. (16)

This joint formulation encourages both accurate boundary delineation and robust region-level segmentation.
For the classification task, we adopt the standard Cross-Entropy Loss (CE), which is widely used in multi-class

recognition problems due to its effectiveness in penalizing incorrect predictions and encouraging confident probability
distributions across classes. The CE loss measures the dissimilarity between the predicted categorical distribution and
the ground truth label distribution.

Let 𝐶 denote the total number of classes, 𝑦 ∈ {1,… , 𝐶} be the ground truth label, and 𝑝̂𝑐 be the predicted
probability for class 𝑐 after the softmax activation. The CE loss is defined as:

CE = −
𝐶
∑

𝑐=1
𝟙[𝑦=𝑐] log(𝑝̂𝑐), (17)

where 𝟙[𝑦=𝑐] is an indicator function that equals 1 if the true class is 𝑐 and 0 otherwise. The predicted probabilities
are obtained from the logits 𝐲 ∈ ℝ𝐶 via the softmax function:

𝑝̂𝑐 =
exp(𝑦𝑐)

∑𝐶
𝑗=1 exp(𝑦𝑗)

. (18)

This formulation encourages the network to assign high probability to the correct class while suppressing the
probabilities of incorrect classes. Unlike segmentation tasks where pixel-level overlap is a major concern, classification
operates at the image level, making the Cross-Entropy loss a natural and effective choice.

Therefore, the total loss function for the classification branch is expressed as:

classification = CE. (19)

5. Experimental Results
In this section, we present the experimental results of our proposed models on brain tumor MRI analysis, focusing

on both segmentation and classification tasks. The experiments are designed to rigorously evaluate the performance
and generalizability of the models, using standard metrics to provide a clear comparison across different settings.
The results highlight the effectiveness of the proposed methods and offer insights into their potential applications in
medical imaging, demonstrating how they can contribute to accurate and efficient diagnosis.
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Figure 5: Representative T1-weighted MRI scans and corresponding expert-annotated segmentation masks from the BRISC
dataset. The samples illustrate the three tumor types (Glioma, Meningioma, and Pituitary) alongside healthy control (No Tumor)
cases across axial, coronal, and sagittal planes.

5.1. Dataset
We conducted experiments using the BRISC dataset, a large-scale, expert-annotated brain tumor MRI collection

for segmentation and classification [60]. BRISC contains approximately 6,000 contrast-enhanced T1-weighted scans
across four categories: glioma, meningioma, pituitary tumor, and no tumor, with pixel-level segmentation masks verified
by radiologists. As illustrated in Fig. 5, the dataset includes images from axial, coronal, and sagittal planes, supporting
robust model evaluation across different orientations. Its balanced class distribution and high-quality annotations make
it a reliable benchmark for developing and testing brain tumor analysis models.

To assess the generalizability of our proposed method, we additionally utilized the Brain Tumors 256 × 256
dataset [61]. This enhanced dataset builds upon the "Uncovering Knowledge: A Clean Brain Tumor Dataset for
Advanced Medical Research." Also, to further evaluate the segmentation robustness of Swin-HAFNet, we also
conducted experiments on the Kaggle Brain Tumor Segmentation dataset [62]. This dataset consists of 3,064 T1-
weighted contrast-enhanced MRI images with corresponding binary masks for three types of brain tumors: glioma,
meningioma, and pituitary tumor. The inclusion of this additional benchmark allows for a more comprehensive
validation of the model’s pixel-level delineation capabilities across different imaging sources.

5.2. Evaluation Metrics
5.2.1. Segmentation Metric

In this part, we detail the evaluation metric employed to assess the performance of segmentation models. These
metrics provide comprehensive insights into the efficacy of the models.

Intersection over Union (IoU) Intersection over Union (IoU), also known as the Jaccard Index, is a fundamental
metric for evaluating binary segmentation tasks. It quantifies the overlap between the predicted tumor regions and the
ground truth, normalized by their union [63]. For binary segmentation, IoU is computed as shown in Equation 20.

IoU =
∑𝑁

𝑖=1 𝑦𝑖𝑦̂𝑖
∑𝑁

𝑖=1 𝑦𝑖 +
∑𝑁

𝑖=1 𝑦̂𝑖 −
∑𝑁

𝑖=1 𝑦𝑖𝑦̂𝑖 + 𝜖
, (20)

where 𝑦𝑖 ∈ {0, 1} denotes the ground truth label, 𝑦̂𝑖 ∈ {0, 1} represents the predicted label (after thresholding),
and 𝜖 is a small constant added for numerical stability.
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As shown in Equation 20, this formulation captures the pixel-wise overlap between the predicted and actual tumor
regions and is particularly effective for evaluating segmentation quality, especially along object boundaries.

5.2.2. Classification Metrics
As commonly employed in the evaluation of multi-class classification models, metrics such as Accuracy, Precision,

Recall, and F1-Score are widely utilized due to their effectiveness in assessing performance across diverse tasks
[64, 65, 66].

Accuracy Accuracy measures the overall correctness of predictions across all four classes. It is defined as:

Accuracy =
∑𝐶

𝑖=1 Correct Predictions for Class 𝑖
Total Samples

(21)

where 𝐶 denotes the total number of classes, and "Correct Predictions for Class 𝑖" represents the samples correctly
classified as class 𝑖.

Precision Precision quantifies the proportion of correctly predicted positive instances for each class. For class 𝑖,
Precision is defined as:

Precision𝑖 =
TP𝑖

TP𝑖 + FP𝑖
(22)

In multi-class classification, Precision is averaged using either macro-averaging or weighted-averaging:

Macro Precision = 1
𝐶

𝐶
∑

𝑖=1
Precision𝑖 (23)

Weighted Precision =
∑𝐶

𝑖=1𝑤𝑖 ⋅ Precision𝑖
∑𝐶

𝑖=1𝑤𝑖
(24)

where 𝑤𝑖 represents the proportion of samples in class 𝑖.

Recall Recall, or Sensitivity, measures the proportion of actual positive instances correctly identified by the model.
For class 𝑖, Recall is defined as:

Recall𝑖 =
TP𝑖

TP𝑖 + FN𝑖
(25)

For multi-class classification, Recall is averaged similarly to Precision:

Macro Recall = 1
𝐶

𝐶
∑

𝑖=1
Recall𝑖 (26)

Weighted Recall =
∑𝐶

𝑖=1𝑤𝑖 ⋅ Recall𝑖
∑𝐶

𝑖=1𝑤𝑖
(27)
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F1-Score The F1-Score is the harmonic mean of Precision and Recall. For class 𝑖, it is defined as:

F1-Score𝑖 = 2 ⋅
Precision𝑖 ⋅ Recall𝑖
Precision𝑖 + Recall𝑖

(28)

For multi-class classification, F1-Score is averaged as follows:

Macro F1-Score = 1
𝐶

𝐶
∑

𝑖=1
F1-Score𝑖 (29)

Weighted F1-Score =
∑𝐶

𝑖=1𝑤𝑖 ⋅ F1-Score𝑖
∑𝐶

𝑖=1𝑤𝑖
(30)

By calculating these metrics per class and aggregating them through macro- or weighted-averaging, we ensure a
detailed evaluation of model performance, particularly in datasets with imbalanced class distributions.

5.2.3. Segmentation results
To evaluate the effectiveness of our proposed Swin-HAFNet, we conducted a comparative study against a diverse set

of brain tumor segmentation models, including traditional convolutional architectures, attention-enhanced methods,
and transformer-based approaches. The baselines include UNet [67], UNet++ [68], LinkNet [69], MANet [70],
DeepLabV3+ [71], PAN [72], EINet [73], EU-Net [74], DAD [75], and BASNet [76], as well as two recent transformer-
enhanced models, SaberNet [77] and ABANet [78].

Each model was evaluated using the mean Intersection over Union (mIoU) metric for three tumor types: Glioma,
Meningioma, and Pituitary. Furthermore, we report a weighted mIoU, which is calculated based on the proportion of
samples belonging to each tumor type, providing a more representative performance indicator across the dataset.

As summarized in Table 1, our proposed Swin-HAFNet achieves the highest mIoU scores across all tumor types,
particularly excelling in segmenting Meningioma and Pituitary tumors. It also outperforms all competing methods in
terms of weighted mIoU, demonstrating the strength of our architectural design in capturing multi-scale contextual
features and handling inter-class variability in medical image segmentation.

In particular, our proposed method achieves the highest weighted mIoU of 82.4%, surpassing the next best-
performing model (Saber et al. [77]) by a margin of 2.6%. This improvement underscores the robustness of our
approach in handling heterogeneous tumor types. Importantly, the reported weighted mIoU is calculated as a weighted
average based on the number of samples in each tumor class to provide a more realistic assessment under dataset
imbalance. Unlike simple arithmetic means, the weighted mean better reflects the overall segmentation performance
in real-world clinical distributions.

Moreover, our model consistently outperforms existing baselines across all tumor categories, with notable
improvements observed in the segmentation of glioma and meningioma tumors. These gains can be attributed to the
architectural choices that enhance multi-scale feature extraction and contextual representation, which are particularly
beneficial for capturing diverse morphological structures in brain tumors.

To further validate the robustness and generalization of Swin-HAFNet, we conducted additional benchmarking on
the Kaggle Brain Tumor Segmentation dataset, as detailed in Table 2. Our proposed method achieved a state-of-the-art
IoU of 0.7142 and a Dice score of 0.8294, consistently outperforming a wide array of recent custom implementations.
Notably, Swin-HAFNet demonstrated a significant performance gain over standard transformer-based architectures
like UNETR and even more recent hybrid models such as MHA-UNet SegGAN. These results confirm that the
integration of the HAF module and the CBE allows the model to effectively adapt to different data distributions
while maintaining high-fidelity boundary delineation, even when compared to models utilizing adversarial learning or
complex attention-enhanced residual structures.

5.2.4. Classification Results
To evaluate the classification performance on BRISC dataset, we conducted a comprehensive analysis of several

baseline models alongside our Proposed Method for classifying brain tumor types: Glioma, Meningioma, Pituitary,
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Table 1
IoU (%) for Brain Tumor Segmentation Models on Different Tumor Types. Weighted mIoU is calculated as a weighted average
based on the number of samples per tumor type: Glioma, Meningioma, Pituitary.

Model
mIoU

Glioma

mIoU

Meningioma

mIoU

Pituitary

Weighted

mIoU

UNet [67] 69.7 77.1 79.3 75.7

UNet++ [68] 71.7 74.2 79.7 75.3

MANet [70] 72.4 77.5 78.0 76.2

LinkNet [69] 71.7 74.8 79.0 75.3

DeepLabV3+ [71] 72.0 77.5 78.7 76.3

PAN [72] 72.0 74.5 80.7 75.9

EINet [73] 73.6 78.4 80.3 77.7

EU-Net [74] 71.7 76.1 78.3 75.6

DAD [75] 75.2 80.4 82.3 79.5

BASNet [76] 74.0 77.5 81.7 77.9

ABANet [78] 72.4 80.4 84.7 79.5

SaberNet [77] 74.0 82.4 84.3 80.6

Swin-HAFNet (our) 76.0 85.0 85.3 82.4

Table 2
Comparison of segmentation performance on the Kaggle Brain Tumor Segmentation dataset [62]. The proposed Swin-HAFNet
is compared against various custom implementations.

Model Name Year IoU (Jaccard) Dice (F1)

Custom U-Net (ResNet-34) [79] 2023 0.6700 -
Custom U-Net [80] 2024 0.6622 0.7461
Custom UNETR [81] 2024 0.5091 0.6042
Custom UNETR [82] 2024 0.5323 0.6852
Attention ResUNet [83] 2025 0.6637 0.7443
Custom U-Net [84] 2025 0.6249 0.7682
MHA-UNet SegGAN [85] 2025 0.6961 0.8208

Swin-HAFNet (our) 2026 0.7142 0.8294

and non-tumorous. The evaluated models include ResNet50, ResNet101, DenseNet121, DenseNet169, MobileNetV2,
MobileNetV3, EfficientNetB0, EfficientNetB1, EfficientNetB2, Xception, VGG16, VGG19, InceptionV3, and our
Proposed Method. Each model was trained and tested three times to ensure robust and reliable results, with performance
reported as the mean and standard deviation of key metrics: Precision, Recall, F1-Score, and Accuracy.

The evaluation metrics were computed per class, alongside macro and weighted averages, to provide a
comprehensive view of model performance across diverse tumor types. The macro average treats all classes equally,
while the weighted average accounts for class imbalance by weighting each class’s contribution based on the number
of samples, offering a realistic assessment of performance in clinical scenarios where tumor type distributions may
vary.

As presented in Table 3, our proposed method achieves the highest overall performance, with a weighted average F1-
Score of 0.9963 ± 0.0015 and an accuracy of 0.9963 ± 0.0015, demonstrating exceptional consistency and robustness.
Notably, it achieves near-perfect performance across all classes, with an F1-Score of 0.9988± 0.0021 for non-tumorous
and 0.9961 ± 0.0020 for Glioma, surpassing all baseline models. These gains can be attributed to architectural
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Table 3
Per-Class and Average Classification Performance (%) for Brain Tumor Classification Models. Metrics are reported as mean ±
standard deviation over three runs.

Model Class Precision Recall F1-Score Accuracy

ResNet50 glioma 0.9868 ± 0.0098 0.9751 ± 0.0164 0.9808 ± 0.0103 -
meningioma 0.9815 ± 0.0150 0.9673 ± 0.0226 0.9741 ± 0.0087 -
no_tumor 0.9906 ± 0.0107 0.9952 ± 0.0083 0.9929 ± 0.0035 -
pituitary 0.9756 ± 0.0285 0.9967 ± 0.0000 0.9859 ± 0.0146 -
Macro Avg 0.9836 ± 0.0064 0.9836 ± 0.0077 0.9834 ± 0.0072 -
Weighted Avg 0.9823 ± 0.0076 0.9820 ± 0.0080 0.9820 ± 0.0080 0.9820 ± 0.0080

ResNet101 glioma 0.9726 ± 0.0347 0.9869 ± 0.0082 0.9794 ± 0.0138 -
meningioma 0.9879 ± 0.0081 0.9575 ± 0.0279 0.9722 ± 0.0106 -
no_tumor 0.9883 ± 0.0107 0.9905 ± 0.0165 0.9893 ± 0.0037 -
pituitary 0.9793 ± 0.0113 0.9956 ± 0.0020 0.9874 ± 0.0066 -
Macro Avg 0.9820 ± 0.0074 0.9826 ± 0.0093 0.9821 ± 0.0086 -
Weighted Avg 0.9815 ± 0.0085 0.9810 ± 0.0092 0.9810 ± 0.0092 0.9809 ± 0.0092

DenseNet121 glioma 0.4838 ± 0.4753 0.5879 ± 0.5095 0.5197 ± 0.4731 -
meningioma 0.6640 ± 0.5751 0.2800 ± 0.4569 0.3178 ± 0.4966 -
no_tumor 0.5324 ± 0.4095 0.6976 ± 0.4871 0.4721 ± 0.4204 -
pituitary 0.4502 ± 0.4128 0.6422 ± 0.5574 0.5259 ± 0.4678 -
Macro Avg 0.5326 ± 0.4550 0.5519 ± 0.3376 0.4589 ± 0.4310 -
Weighted Avg 0.5356 ± 0.4650 0.5253 ± 0.3850 0.5253 ± 0.3850 0.4531 ± 0.4390

DenseNet169 glioma 0.9543 ± 0.0690 0.3543 ± 0.5356 0.3840 ± 0.5173 -
meningioma 0.7522 ± 0.2090 0.8007 ± 0.2607 0.7560 ± 0.2021 -
no_tumor 0.4841 ± 0.4507 0.9738 ± 0.0393 0.5754 ± 0.3763 -
pituitary 0.3333 ± 0.5774 0.3322 ± 0.5754 0.3328 ± 0.5764 -
Macro Avg 0.6310 ± 0.3116 0.6152 ± 0.3305 0.5121 ± 0.4160 -
Weighted Avg 0.6404 ± 0.3020 0.5710 ± 0.3689 0.5710 ± 0.3689 0.5093 ± 0.4169

MobileNetV2 glioma 0.3026 ± 0.0558 0.8517 ± 0.1229 0.4418 ± 0.0494 -
meningioma 0.6667 ± 0.5774 0.0120 ± 0.0180 0.0233 ± 0.0348 -
no_tumor 0.5343 ± 0.3066 0.6548 ± 0.1750 0.5249 ± 0.0899 -
pituitary 0.1412 ± 0.2445 0.0400 ± 0.0693 0.0623 ± 0.1080 -
Macro Avg 0.4112 ± 0.2078 0.3896 ± 0.0345 0.2631 ± 0.0307 -
Weighted Avg 0.3980 ± 0.2379 0.3237 ± 0.0264 0.3237 ± 0.0264 0.2115 ± 0.0366

MobileNetV3 glioma 0.8912 ± 0.0353 0.9777 ± 0.0082 0.9321 ± 0.0154 -
meningioma 0.9755 ± 0.0050 0.8639 ± 0.0334 0.9160 ± 0.0175 -
no_tumor 0.9445 ± 0.0308 1.0000 ± 0.0000 0.9713 ± 0.0165 -
pituitary 0.9679 ± 0.0073 0.9733 ± 0.0208 0.9706 ± 0.0138 -
Macro Avg 0.9448 ± 0.0148 0.9537 ± 0.0113 0.9475 ± 0.0140 -
Weighted Avg 0.9475 ± 0.0123 0.9447 ± 0.0140 0.9447 ± 0.0140 0.9442 ± 0.0142

EfficientNetB0 glioma 0.9960 ± 0.0000 0.9882 ± 0.0000 0.9921 ± 0.0000 -
meningioma 0.9934 ± 0.0000 0.9869 ± 0.0000 0.9902 ± 0.0000 -
no_tumor 0.9929 ± 0.0000 1.0000 ± 0.0000 0.9964 ± 0.0000 -
pituitary 0.9868 ± 0.0000 0.9967 ± 0.0000 0.9917 ± 0.0000 -
Macro Avg 0.9923 ± 0.0000 0.9929 ± 0.0000 0.9926 ± 0.0000 -
Weighted Avg 0.9920 ± 0.0000 0.9920 ± 0.0000 0.9920 ± 0.0000 0.9920 ± 0.0000

EfficientNetB1 glioma 0.9987 ± 0.0023 0.9921 ± 0.0000 0.9954 ± 0.0011 -
meningioma 0.9933 ± 0.0001 0.9750 ± 0.0136 0.9840 ± 0.0070 -
no_tumor 0.9976 ± 0.0041 1.0000 ± 0.0000 0.9988 ± 0.0021 -
pituitary 0.9773 ± 0.0116 1.0000 ± 0.0000 0.9885 ± 0.0059 -
Macro Avg 0.9918 ± 0.0036 0.9918 ± 0.0034 0.9917 ± 0.0036 -
Weighted Avg 0.9905 ± 0.0040 0.9903 ± 0.0042 0.9903 ± 0.0042 0.9903 ± 0.0042

EfficientNetB2 glioma 0.9919 ± 0.0040 0.9712 ± 0.0164 0.9814 ± 0.0091 -
meningioma 0.9699 ± 0.0128 0.9782 ± 0.0105 0.9740 ± 0.0084 -
no_tumor 0.9906 ± 0.0107 1.0000 ± 0.0000 0.9953 ± 0.0054 -
pituitary 0.9879 ± 0.0082 0.9922 ± 0.0077 0.9900 ± 0.0017 -
Macro Avg 0.9851 ± 0.0054 0.9854 ± 0.0047 0.9852 ± 0.0051 -
Weighted Avg 0.9838 ± 0.0049 0.9837 ± 0.0049 0.9837 ± 0.0049 0.9837 ± 0.0049

Xception glioma 0.0847 ± 0.1466 0.3333 ± 0.5774 0.1350 ± 0.2339 -
meningioma 0.0000 ± 0.0000 0.0000 ± 0.0000 0.0000 ± 0.0000 -
no_tumor 0.0933 ± 0.0808 0.6667 ± 0.5774 0.1637 ± 0.1418 -
pituitary 0.0000 ± 0.0000 0.0000 ± 0.0000 0.0000 ± 0.0000 -
Macro Avg 0.0445 ± 0.0165 0.2500 ± 0.0000 0.0747 ± 0.0230 -
Weighted Avg 0.0346 ± 0.0259 0.1780 ± 0.0658 0.1780 ± 0.0658 0.0572 ± 0.0395

VGG16 glioma 0.9803 ± 0.0150 0.9396 ± 0.0741 0.9582 ± 0.0335 -
meningioma 0.9427 ± 0.0509 0.9684 ± 0.0019 0.9549 ± 0.0257 -
no_tumor 0.9790 ± 0.0068 0.9976 ± 0.0041 0.9882 ± 0.0020 -
pituitary 0.9867 ± 0.0099 0.9822 ± 0.0117 0.9844 ± 0.0051 -
Macro Avg 0.9722 ± 0.0132 0.9720 ± 0.0172 0.9714 ± 0.0162 -
Weighted Avg 0.9706 ± 0.0157 0.9693 ± 0.0177 0.9693 ± 0.0177 0.9692 ± 0.0178

VGG19 glioma 0.9484 ± 0.0351 0.9541 ± 0.0421 0.9502 ± 0.0081 -
meningioma 0.9624 ± 0.0130 0.9434 ± 0.0068 0.9527 ± 0.0030 -
no_tumor 0.9725 ± 0.0231 0.9976 ± 0.0041 0.9848 ± 0.0111 -
pituitary 0.9744 ± 0.0287 0.9745 ± 0.0267 0.9739 ± 0.0039 -
Macro Avg 0.9645 ± 0.0061 0.9674 ± 0.0041 0.9654 ± 0.0047 -
Weighted Avg 0.9639 ± 0.0039 0.9630 ± 0.0044 0.9630 ± 0.0044 0.9629 ± 0.0044

InceptionV3 glioma 0.6564 ± 0.5686 0.5315 ± 0.4983 0.5778 ± 0.5128 -
meningioma 0.8972 ± 0.1694 0.6645 ± 0.5132 0.6401 ± 0.4458 -
no_tumor 0.5887 ± 0.4180 0.9905 ± 0.0165 0.6719 ± 0.3794 -
pituitary 0.6629 ± 0.5741 0.5722 ± 0.5136 0.6104 ± 0.5343 -
Macro Avg 0.7013 ± 0.3670 0.6897 ± 0.3750 0.6250 ± 0.4676 -
Weighted Avg 0.7225 ± 0.3490 0.6487 ± 0.4312 0.6487 ± 0.4312 0.6198 ± 0.4797

Swin-HAFNet (our) glioma 0.9974 ± 0.0023 0.9948 ± 0.0023 0.9961 ± 0.0020 -
meningioma 0.9946 ± 0.0018 0.9945 ± 0.0068 0.9945 ± 0.0025 -
no_tumor 0.9976 ± 0.0041 1.0000 ± 0.0000 0.9988 ± 0.0021 -
pituitary 0.9967 ± 0.0033 0.9978 ± 0.0019 0.9972 ± 0.0009 -
Macro Avg 0.9966 ± 0.0018 0.9968 ± 0.0013 0.9967 ± 0.0016 -
Weighted Avg 0.9963 ± 0.0015 0.9963 ± 0.0015 0.9963 ± 0.0015 0.9963 ± 0.0015

innovations that enhance multi-scale feature extraction and contextual representation, which are particularly effective
for capturing the diverse morphological structures of brain tumors.

Among the baseline models, EfficientNetB0 performs strongly, with a weighted average F1-score of 0.9920 ±
0.0000 and an accuracy of 0.9920 ± 0.0000, achieving perfect recall (1.0000 ± 0.0000) for the non-tumorous class.
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Table 4
Comparison of classification performance on the Brain Tumors 256 × 256 Kaggle dataset. The proposed method is compared
against top-performing public kernels and baseline models.

Model Name Accuracy (%) F1-Score (%)

DenseNet121 93.00 93.00
MobileNetV2 92.00 92.00
VGG19 91.29 -
InceptionV3 89.00 90.00
ResNet50 65.32 -
DeiT-Tiny + Fuzzy Attention [86] 95.81 96.18
Custom CNN [87] 89.07 -
Custom CNN [88] 89.00 90.00
Custom CNN [89] 88.89 -
Swin Transformer [90] 96.00 96.00
ViT [91] 93.00 94.00
Ensemble Learning [92] 77.00 77.00

Swin-HAFNet (our) 97.60 97.64

EfficientNetB1 follows closely with a weighted F1-score of 0.9903 ± 0.0042, while ResNet50 and MobileNetV3
deliver competitive results (weighted F1-scores of 0.9820 ± 0.0080 and 0.9447 ± 0.0140, respectively).

In contrast, Xception exhibits the lowest performance, with a weighted F1-score of 0.1780 ± 0.0658, failing
entirely on meningioma and pituitary (F1-score: 0.0000 ± 0.0000). Similarly, DenseNet121 and DenseNet169 show
unstable performance, with high standard deviations, indicating limited generalizability. MobileNetV2 also struggles,
particularly with meningioma (recall: 0.0120 ± 0.0180), likely due to insufficient model capacity.

The VGG variants (VGG16 and VGG19) achieve moderate performance, with weighted F1-scores of 0.9693 ±
0.0177 and 0.9630 ± 0.0044, respectively, while InceptionV3 shows inconsistent results (weighted F1-score: 0.6487
± 0.4312), reflecting challenges in handling complex tumor morphology or class imbalances.

This evaluation underscores the strong performance of EfficientNet models, particularly EfficientNetB0, which
combines high accuracy with remarkable stability across all tumor types. The results validate the utility of our dataset
for developing reliable diagnostic tools, while the stark performance differences across architectures emphasize the
importance of model selection in medical imaging tasks, where precision and consistency are critical. This work
establishes a robust benchmark for brain tumor classification and provides a foundation for future research to explore
diverse models and training protocols using this dataset.

To further validate the robustness of Swin-HAFNet, we compared its performance against state-of-the-art models
on the Brain Tumors dataset [61]. As detailed in Table 4, our method was evaluated against several architectures
including DeiT-Tiny with Fuzzy Attention, Swin Transformer, ViT, and various custom CNN implementations.

Our proposed method achieved the highest performance with an accuracy of 97.60% and an F1-score of 97.64%,
surpassing the top-performing baseline, DeiT-Tiny + Fuzzy Attention [86], which achieved an F1-score of 96.18%.
Notably, our model outperformed the standard Swin Transformer implementation by Dubail [90] (96.0% F1-score)
and the Vision Transformer (ViT) [91] (94.0% F1-score). Conventional CNN-based approaches, such as VGG19 and
custom CNN architectures [87, 88, 89], yielded lower accuracies ranging from 88.0% to 91.0%, while ensemble
learning methods [92] struggled significantly with an F1-score of 77.0%. These results confirm that Swin-HAFNet
maintains superior generalization capabilities across different datasets, effectively handling the specific preprocessing
and characteristics of the Brain Tumors 256 × 256 benchmark.

5.3. Ablation study
5.3.1. Classification Ablation Study

To validate the architectural design of our classification branch, we conducted a step-by-step ablation study. This
analysis investigates the impact of the proposed classification head, the dimension and spatial reduction mechanisms,
and the multi-scale feature fusion strategy. The results are summarized in Table 5.

We established a baseline using a Simple classifier, consisting of a global average pooling layer followed by a
single linear layer, applied directly to the deepest feature map of the backbone. This baseline achieved an accuracy of
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Table 5
Ablation study of the proposed Classification Branch. The impact of the Classifier Head architecture, Dimension Reduction,
Spatial Reduction, and multi-scale feature fusion is evaluated incrementally.

Classifier Head Dim. Red. Spat. Red. Multi-Scale Precision Recall F1-Score Accuracy

Simple – – – 96.5 96.4 96.4 96.4

Head Block – – – 97.9 97.8 97.8 97.8

Head Block ✓ – – 98.1 98.1 98.1 98.1

Head Block – ✓ – 98.7 98.7 98.7 98.7

Head Block ✓ ✓ – 99.0 99.0 99.0 99.0

Head Block ✓ ✓ ✓ 99.6 99.6 99.6 99.6

96.4%. Replacing this simple linear layer with our proposed Head Block resulted in a significant performance boost,
increasing the F1-score to 97.8%. This highlights the importance of proper feature normalization and non-linearity in
the final classification stage.

We then evaluated the feature reduction modules independently. Introducing Dimension Reduction alone improved
the F1-score to 98.1%, while applying Spatial Reduction alone proved even more effective, reaching 98.7%. When
both reduction mechanisms were combined, the model achieved a robust 99.0% accuracy, demonstrating that compact
and spatially aligned feature representations are crucial for efficient learning.

Finally, the integration of multi-scale features(aggregating information from all four stages of the Swin Transformer
backbone) yielded the highest performance. By fusing low-level texture details with high-level semantic context, the
complete proposed method achieved a peak F1-score and accuracy of 99.6%. These results confirm that a holistic
view of the feature hierarchy, enabled by our unified reduction and fusion strategy, is essential for accurate brain tumor
grading. These results also shown in Figure 6.

Figure 6: The performance plot of different configuration of Swin-HAFNet in classification task
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Table 6
The performance of different configuration of Swin-HAFNet in segmentation task.

baseline HAF CBE
mIoU

Glioma

mIoU

Meningioma

mIoU

Pituitary

Weighted

mIoU

✓ 73.6 82.4 82.3 79.8

✓ ✓ 75.2 83.5 83.6 81.1

✓ ✓ 74.4 83.8 84.7 81.3

✓ ✓ ✓ 76.0 85.0 85.3 82.4

5.3.2. Segmentation Ablation Study
To evaluate the contribution of each component in the proposed Swin-HAFNet architecture for segmentation task,

we conducted an ablation study. Four configurations were tested by progressively integrating the HAF module and the
CBE into the baseline. The results are reported in Table 6.

As shown in Figure 7 the baseline model includes a simple Swin-UNet structure without the HAF or CBE modules.
Adding the HAF module alone leads to a notable improvement across all tumor types, increasing the weighted mIoU
from 79.8% to 81.1%. This indicates that the hierarchical attention fusion effectively enhances the representation of
skip connections.

Figure 7: The performance plot of different configuration of Swin-HAFNet in segmentation task

Incorporating the CBE module without HAF further improves performance, yielding a weighted mIoU of 81.3%.
This demonstrates the benefit of contextual feature extraction and enrichment in the encoder path.

Finally, the complete model that includes both HAF and CBE achieves the best performance with a weighted mIoU
of 82.4%. The consistent gains across all tumor categories (particularly glioma, which is typically more challenging)
highlight the complementary strengths of the proposed components and their combined effectiveness in accurate tumor
segmentation.
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Figure 8: Grad-CAM visualization of the classification attention maps across the four diagnostic categories. The columns
represent the input T1-weighted MRI scan, the generated Class Activation Map (CAM) overlaid on the image, and the
corresponding ground truth segmentation mask. The visualization demonstrates that for Glioma, Meningioma, and Pituitary
cases, the model’s attention is precisely focused on the tumor region, aligning with the ground truth masks. Conversely, for the
No Tumor case, the attention is diffusely distributed across the brain tissue, indicating that the model relies on global context to
confirm the absence of pathologies rather than focusing on irrelevant artifacts.

5.4. Interpretability and Visual Analysis
To validate that the high classification accuracy achieved by Swin-HAFNet is driven by clinically relevant features

rather than background noise, we employed Grad-CAM to visualize the model’s decision-making process. Figure 8
illustrates the attention heatmaps generated by the classification branch across the four diagnostic categories: Glioma,
Meningioma, Pituitary, and No Tumor.
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As observed in the visual results, for the pathological classes (Glioma, Meningioma, and Pituitary), the model’s
attention is highly concentrated on the specific tumor regions. By comparing the "CAM" column with the ground
truth "Mask" column, it is evident that the high-activation regions (indicated by red and yellow heatmaps) align almost
perfectly with the annotated tumor boundaries. This alignment suggests that the shared backbone successfully extracts
spatial features that are mutually beneficial: the precise localization required for the segmentation task effectively
guides the classification head to focus on the lesion itself.

Furthermore, the visualization of the "No Tumor" class reveals a distinct and critical behavior. In the absence
of pathological lesions, the model does not fixate on a specific focal point. Instead, the attention map is diffusely
distributed across the entire brain tissue, appearing as a broad, balanced activation over the anatomical structure. This
behavior indicates that the model is actively scanning the global context to verify the absence of anomalies, rather than
hallucinating features or overfitting to irrelevant background artifacts. This "equal attention" strategy for healthy scans
confirms the robustness of the global representation learned by the Swin-HAFNet, ensuring that negative classifications
are based on a holistic assessment of the brain volume.

6. Conclusion
In this paper, we proposed a transformer-based segmentation model for brain tumor MRI analysis, designed to

effectively capture multi-scale and contextual features in complex medical images. Experimental results demonstrate
that the method achieves competitive segmentation accuracy, particularly in challenging tumor categories, and confirms
the importance of architectural designs that leverage both local and global information. Despite these promising results,
several limitations remain. The model’s performance can be affected by small or irregularly shaped tumors, variations
in imaging protocols, and the inherent class imbalance present in clinical data. Additionally, the computational cost of
transformer-based architectures may limit their applicability in real-time or resource-constrained settings. Future work
will focus on addressing these challenges by exploring more efficient and adaptive network designs, incorporating
multi-modal imaging information, and integrating clinically informed evaluation protocols. We also aim to extend
the model to joint segmentation and classification tasks, enabling more comprehensive analysis and improved clinical
decision support. Overall, the proposed approach provides a solid foundation for advancing automated brain tumor
analysis, and the insights gained from our experiments offer valuable guidance for the development of more robust and
generalizable medical imaging models.
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