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Abstract 

Multimodal MRI offers a comprehensive, non-invasive assessment of structure, which 

improves the diagnostic accuracy of brain tumor segmentation (BTS). BTS faces major 

challenges due to tumor heterogeneity, data quality, modality-specific information and 

algorithm complexity. Many existing methods do not utilize the complementary information 

available in multimodal data, as they depend on early fusion strategies and neglect modality-

specific features. To overcome these issues, a novel architecture termed MAAF-Net: Modality-

Adaptive Attention Fusion Network for 3D BTS has been proposed in this study. The MAAF-

Net model preserves the semantic information of each MRI modality through modality-specific 

encoders (MSEnc). The extracted features are integrated using a Modality Attention Module 

(MAM). The MAM learns the context-dependent importance of each modality and adaptively 

reweights modality features during fusion. This fusion technique enables the model to focus on 

clinically relevant information while discarding redundant or less informative features. In 

addition, multi-scale supervision is incorporated to improve gradient flow and training stability. 

The MAAF-Net model is trained and validated on the BraTS 2024 benchmark dataset using 

five-fold cross-validation. The MAAF-Net achieves Dice scores of 0.92 for Tumor Core (TC) 

and 0.91 for Enhancing Tumor (ET) with HD95 values of 3.7 mm and 3.5 mm, respectively. 

Additionally, compared with early and attention-based fusion methods, MAAF-Net improves 

Dice scores by up to 8% for ET. Experimental findings from the ablation study further validate 

the effectiveness of the proposed model. 

Keywords: Attention-Guided Feature Fusion, Multimodal MRI, Modality-Specific Encoders, 

Deep Learning, 3D U-Net, BraTS 2024. 

 Introduction 

A brain tumor is a mass of abnormal brain or skull cell growth and an aggressive 

neurological disease. It impacts emotionally, psychologically, and physically on the human 

body [1]. MRI scans are essential tools for detection and providing detailed images due to their 

soft-tissue contrast [2,3]. The main MRI imaging modalities typically consist of T1-weighted, 

contrast-enhanced T1 (T1c), T2-weighted, and FLAIR. The choice of a particular modality 

depends upon the location, type, and size of the tumor. However, a single modality cannot 

provide acceptable results due to tumor heterogeneity, irregular boundaries, and overlapping 

intensity patterns [4-6]. 
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Although deep learning (DL) approaches have improved segmentation performance, 

there are many limitations when multimodal MRI data is used [7]. To extract the features from 

multiple sequences of MRI, either early fusion strategies have been used or some studies used 

a shared encoder, which leads to the loss of modality-specific information [8,9]. These methods 

consider equal importance across modalities and often mix information prematurely. As a 

result, key features unique to each MRI modality may be lost. Another limitation is the lack of 

adaptive fusion mechanisms. Most networks apply uniform fusion strategies and fail to capture 

spatially varying modality relevance, such as the importance of T1c for enhancing tumor 

regions and the importance of FLAIR for edema.  

Recent transformer-based methods have gained high popularity in the area due to their 

self-attention mechanism. Transformers capture global features from images rather than relying 

on local features only [10]. However, these introduce high computational costs and limited 

interpretability. Effective and reliable tumor segmentation is possible by combining features 

from multiple modalities and exploiting complementary information. To overcome this issue, 

MAAF-Net, a Modality-Adaptive Attention Fusion Network designed for multimodal 3D BTS 

has been proposed. The following are the key contributions of the proposed study: 

• A modality-adaptive attention fusion to learn spatially varying weights for each 

MRI modality, enabling the model to integrate context-aware multimodal features. 

• Modality-specific encoders preserve the semantic information of each MRI 

modality prior to feature fusion. 

• A multi-scale supervision strategy helps to improve gradient propagation.  

The remainder of the paper is structured as follows: A detailed literature review is 

discussed in Section 2. Section 3 presents the proposed methodology. A discussion on the 

experimental findings is given in Section 4. Finally, conclusion and future work are provided 

in Section 5. 

 Literature Review 

Multimodal MRI plays a crucial role in BTS. Feature fusion techniques integrate 

features from multiple modalities into a unified and discriminative representation. DL, 

especially CNN-based architectures, have demonstrated strong capability in multimodal MRI 

segmentation. Several recent studies have therefore focused on enhancing segmentation 

performance. 

He et al. (2021) proposed MAFF-ResUNet, which integrates spatial and semantic 

features across different resolutions. The proposed architecture incorporates residual and skip 

connections within a U-Net model to improve feature representation [11]. Ranjbarzadeh et al. 

(2021) proposed a Distance-Wise Attention (DWA) module within a cascaded CNN to 

emphasize tumor-centered regions while integrating local and global contextual information 

[12]. Huang et al. (2021) implemented a lightweight NN with a hybrid loss function. The model 

integrates spatial and semantic information across multiple scales using a Feature Extraction 

Network (FEN) and a Multi-scale Feature Fusing Network (MSFFN) [13]. 

Zhang et al. (2022) introduced a multimodal framework, which includes CMFF and 

CMFT modules, where CycleGAN is used to train the features of modality-specific 
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representations and an attention mechanism to combine the complementary features [14]. Zhao 

et al. (2022) extended MM-UNet by employing shared encoders for each modality and refining 

the fused features using a Hybrid Attention Block combined with dilated convolutions to 

enhance contextual representation [15].  

Zhu et al. (2023) implemented a Swin-Transformer in which edge features were 

integrated through graph-based multi-feature inference to enhance contextual reasoning [16]. 

Zhang et al. (2023) designed a four-branch encoder architecture with residual concatenation 

fusion to preserve discriminative modality information [17]. Yang et al. (2023) proposed F2Net 

with two modules, CFM for noise-suppressed alignment and attention-based fusion, and MCM 

for guiding the decoder with enriched multimodal features [18]. Zheng et al. (2023) developed 

CMMFNet which integrates self-attention and cross-attention fusion along with wide-focus 

modules to capture intra- and inter-modality dependencies across multiple scales [23]. Zhou et 

al. (2023) developed feature-level attention fusion with multi-scale context aggregation and 

latent feature learning to preserve inter-modality consistency. The developed model also 

supports missing modality reconstruction [19]. Nizamani et al. (2023) used image enhancement 

techniques combined with a hybrid U-Net–Transformer to preserve tumor boundaries [20]. 

Khan et al. (2023) extracted features from original and contrast-enhanced MRI and fused them 

using multiset CCA, reducing redundancy via a hybrid meta-heuristic strategy [22]. 

Ullah et al. (2024) integrated handcrafted features with deep representations through a 

dual-stream CNN to improve tumor detection [21]. Zhu et al. (2024) proposed SDV-TUNet, to 

improve boundary delineation through convolution operations [24]. Zhou et al. (2024) utilized 

modality-specific features using self-attention. The method also enforced feature 

disentanglement and spatial consistency through DRL and RCL modules [25]. 

Wang et al. (2025) presented MSegNet, which employs cross-modal attention and 

tensor fusion for refining modality-specific representations [26]. Pathak et al. (2025) utilized 

dual-dimension attention with Swin Transformers to capture both global and local modality 

relationships for improved structural segmentation quality [27]. Hu et al. (2025) adopted a dual-

domain attention mechanism with deformable alignment to fuse features from MRI, PET, and 

SPECT, enabling stronger multimodal dependency modeling [28]. 

The transformer-based architectures improve feature representation but often rely on 

global fusion mechanisms that do not assign spatially adaptive importance to each MRI 

modality. Consequently, their ability to accurately segment heterogeneous tumor regions may 

be limited. Table 1 summarizes key studies published between 2021 and 2025 that explore 

different feature fusion strategies, ranging from handcrafted to DL models and transformer-

based models for BTS. 

Table 1. Literature Review (2018-2025) on BTS Using Multimodal Fusion Techniques 

Author & Year Dataset Fusion Strategy Architecture Findings 

He et al. [11], 

2021 

BraTS 2019 Multi-scale 

attention feature 

fusion 

MAFF-ResUNet Improved TC and ET 

segmentation 

accuracy. 

Ranjbarzadeh et 

al. [12], 2021 

BraTS 2018 Distance-wise 

attention feature 

fusion 

Cascaded CNN with 

DWA 

Improved tumor-

region localization. 

Huang et al. 

[13], 2021 

BraTS 2015 Multi-scale feature 

fusion 

FEN with MSFFN Improved semantic 

and boundary 

representation 

Zhao et al. [14], BraTS 2020 Hybrid attention MM-UNet Enhanced 
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2022 fusion with DCB multimodal feature 

fusion 

Zhu et al. [16], 

2023 

BraTS 2018–

2020 

Graph-based 

semantic-edge 

fusion 

Swin Transformer 

integrated with Edge-

aware Semantic 

Attention and Multi-

level Feature 

Integration Block 

Dice 88.2%, HD95 

3.92 

Zhang et al. 

[17], 2023 

BraTS 2021 Residual 

multimodal fusion  

Multi-branch U-Net Dice: 83.3% (ET), 

89.1% (TC), 91.4% 

(WT) 

Zhou et al. [19], 

2023 

BraTS 2018 Multi-task 

modality-aware 

fusion  

Multi-task fusion 

network consisting of 

CMFM, MSFM and 

SC-LFLM 

Dice 84.1%; robust 

to missing modalities 

Nizamani et al. 

[20], 2023 

BraTS 2020, 

MSD 

Hybrid U-Net–

Transformer fusion 

FE-UT variants Dice 99.6%, 

Accuracy 99.7% 

Zheng et al. 

[23], 2023 

BraTS 2020 Intra- and inter-

modality attention 

fusion 

CMMFNet  Dice: 91.1% (WT), 

86.5% (TC), 81.3% 

(ET) 

Ullah et al. [21], 

2024 

BraTS Handcrafted–CNN 

feature fusion 

GCNN an ensemble 

of CSPCNN and 

MRIPCNN 

Dice: 0.87 (WT), 

0.79 (TC), 0.75 (ET) 

Zhu et al.[24], 

2024 

BraTS 2020, 

2021 

Sparse Dynamic 

Attention with Edge 

Feature Fusion 

SDV-TUNet Dice: 93.1% (WT), 

91.0% (TC), 87.6% 

(ET) 

Zhou et al. [25], 

2024 

BraTS 2018, 

2019 

Multimodal 

attention with DRL 

and RCL 

Multi-module fusion 

network 

Dice 84.2%, HD95 

4.1 mm 

DL methods have significantly improved multimodal BTS. Early fusion models 

combine MRI modalities at the input stage, which often leads to the loss of modality-specific 

semantic information. Attention-based and transformer-enhanced fusion architectures improve 

feature representation but typically rely on global or channel-level weighting and lack spatially 

adaptive modality importance. Several approaches also employ shared encoders for all 

modalities, which limit modality-specific learning and reduce the ability to distinguish tumor 

subregions. In addition, transformer-based frameworks often introduce high computational 

complexity and reduce interpretability. Consequently, many existing approaches do not 

adequately preserve modality-specific information while adapting fusion to localized tumor 

contexts. Therefore, there is a need for an efficient architecture that enables voxel-wise 

modality-adaptive fusion while improving boundary precision and segmentation accuracy in 

heterogeneous tumor regions. 

 Proposed Methodology 

This study proposes MAAF-Net, a 3D CNN architecture designed for multimodal BTS. 

The proposed model addresses the challenges of uniform fusion, in which all modalities are 

considered equally, irrespective of their different clinical relevancies. In MAAF-Net, all MRI 

modalities are processed independently through dedicated modality specific encoders to 

preserve their unique features. The extracted multi-scale features are then passed to the MAM, 

which learns the relative importance of each modality based on global contextual information. 

The MAM allocates adaptive weights to modality-specific features and enables the proposed 

framework to focus clinically relevant modalities. The weighted features are fused and passed 

to a shared decoder, where multi-scale supervision is applied to improve segmentation 
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accuracy. Figure 1 shows the MAAF-Net architecture, including the four modality-specific 

encoder branches, the attention-guided fusion through MAM, and the decoder responsible for 

generating the final BTS maps. 

 
Figure 1. Flow Diagram of the Proposed MAAF-Net 

3.1   BraTS 2024 Dataset 

The study uses the BraTS 2024 benchmark dataset, which is publicly available for the 

MICCAI 2024 BraTS Challenge [29]. It contains multi-institutional and multi-parametric MRI 

images of patients diagnosed with gliomas, including both High-Grade Glioma (HGG) and 

Low-Grade Glioma (LGG). All subjects include four co-registered MRI modalities as shown 

in Figure 2. The images are processed using skull-stripping, co-registration to a common 

anatomical template, and resampling to an isotropic resolution of 1 mm³. The dataset contains 

approximately 1,080 patient cases in the training set. In this study, the dataset is divided using 

a five-fold cross-validation protocol. For each fold, 864 subjects (80%) were used for training 

and 216 subjects (20%) were used for validation. 

 
Figure 2. Complementary MRI Modalities for Brain Tumor Analysis 

3.2   Preprocessing 

 Preprocessing is essential for reducing inter-subject variability and increasing the 

robustness of DL models. All input images from the BraTS 2024 dataset underwent 

standardized preprocessing to ensure spatial and intensity consistency across cases and 

modalities. The preprocessing pipeline consists of label relabeling, image resizing, intensity 

normalization, and data augmentation. The preprocessing pipeline used in this work is 

illustrated in Figure 3. 
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Figure 3. Preprocessing Pipeline Used in Proposed Methodology 

3.2.1   Label Reindexing 

The original BraTS 2024 dataset contains non-contiguous label values for different 

tumor subregions. The Whole Tumor (WT) region is not included in the proposed work, as it 

does not represent biologically active tumor tissue. Additionally, WT occupies a large spatial 

area, shows stronger contrast, and makes it easier to segment. As a result, the inclusion of WT 

may inflate Dice scores without accurately reflecting the model’s capability to segment ET and 

TC. 

Thus, labels are reindexed into a contiguous class for optimization and compatibility. 

Label 0 represents background, label 2 is reassigned to 1 to represent TC, and label 4 is 

reassigned to 2 for ET.  Therefore, the study aims to focus on the TC and ET regions, as these 

are clinically relevant and challenging. 

3.2.2   Resizing 

The original MRI images (240 × 240 × 155) are resized to 1283 for reducing memory 

consumption. It also helps in efficient training on standard GPUs. Training with full-resolution 

volumes requires substantially higher memory because the computational cost of 3D CNNs 

increases with the volumetric size of the input. The resized resolution preserves sufficient 

anatomical information for accurate segmentation of TC and ET while maintaining the overall 

spatial context of the tumor. In addition, resizing standardizes the input dimensions across all 

subjects, allowing consistent batch-wise training and stable model convergence. Patch-based 

training is not adopted because it may remove important global spatial context which is 

necessary for capturing tumor structure and boundary relationships within the whole brain 

volume. 

3.2.3   Intensity Normalization (Z-Score Normalization) 

Due to inter-scanner and inter-subject variability, raw MRI intensities are not inherently 

standardized. To address this issue, z-score normalization is applied on a per-modality, per-

subject basis. It ensures zero mean and unit variance for each modality and improves training 

while reducing intensity variations across scanners. 

3.2.4   Data Augmentation 

A set of online data augmentation techniques is applied during training with a 

probability of 80% for model generalization and reducing overfitting. These include spatial 

transformations such as random flipping along the axial, coronal, and sagittal planes, as well as 

random 3D rotations within ±10o. To simulate anatomical variability, elastic deformation is 

applied with parameters α = 90 and σ = 9. In addition, image brightness is randomly adjusted 

within a small range of ±0.1, and Gaussian noise is added with values ranging between 0 and 
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0.05 to increase robustness to intensity variations. These augmentations improve robustness to 

anatomical variability and scanner-induced intensity differences. 

3.3   Proposed Model 

A standard 3D U-Net model for volumetric medical image segmentation is utilized as 

the baseline. The model follows an encoder–decoder architecture incorporating symmetric skip 

connections to recover spatial features lost in downsampling. It takes multimodal MRI inputs 

and produces a voxel-wise segmentation map. The architecture of the baseline 3D U-Net model 

is given in Figure 4. 

 
Figure 4. 3D U-Net Model Architecture 

3.3.1   Proposed MAAF-Net  

The proposed MAAF-Net consists of three stages: 

1. Modality specific feature extraction using modality specific encoders to extract 

features from each modality. 

2. Global context modeling and modality adaptive fusion to assign dynamic weights 

to each modality based on attention weights. 

3. Segmentation reconstruction to generate voxel-wise tumor segmentation maps. 

A.   Modality-Specific Feature Extraction 

The proposed MAAF-Net employs four independent MSEnc. This design preserves the 

distinct structural and intensity characteristics of each modality before feature fusion. Each 

encoder follows a five-stage hierarchical structure. At each resolution level, two consecutive 

3D convolutional layers with a kernel size of 3×3×3, stride of 1, and padding of 1 are applied, 

along with instance normalization and ReLU activation. Downsampling between successive 

levels is performed using 23 max pooling with a stride of 2. The complete configuration of the 

modality specific encoder is given in Table 2. 
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Table 2. Architecture of Modality-Specific Encoder Used in MAAF-Net 

Stage Channels #Conv Layers Kernel Size Stride Padding Parameters 

Level 1 1 →  32 2 3x3x3 1 1 28,576 

Max Pool 32→32 -- 2x2x2 2 0 0 

Level 2 32→64 2 3x3x3 1 1 166016 

Max Pool 64→64 -- 2x2x2 2 0 0 

Level 3 64→128 2 3x3x3 1 1 663808 

Max Pool 128→128 -- 2x2x2 2 0 0 

Level 4 128→256 2 3x3x3 1 1 2654720 

Max Pool 256→256 -- 2x2x2 2 0 0 

Bottleneck 256→512 2 3x3x3 1 1 10617856 

Total (Per Encoder) -- 10 Conv3D -- -- -- 14130976 

Since the model contains four independent MSEnc, the sum of learnable parameters of 

all encoders is approximately 56.52 million. Each modality is passed independently through its 

dedicated encoder consisting of stacked convolutional blocks. The features at layer I are 

extracted as given in eq. (1): 

                                     FMi

(ι)
= ReLU(IN(W(ι) ∗ FMi

(ι−1)
+ b(ι)))                (1) 

Where: 

• FMi

(ι)
: Feature map for modality 𝑀𝑖 at layer ι 

• W(ι): Learnable convolution weights 

• ReLU: Non-linearity 

• ι: Layer index 

Each encoder produces modality-specific feature map as shown in eq. 2: 

                                      FT1,  FT1C,  FT2 ,  F𝐹𝐿𝐴𝐼𝑅ϵℝC′×D′×H′×W′                (2) 

Where: 

• C′: Number of output channels 

• D′, H′, W: Down sampled spatial dimensions 

Each modality-specific encoder is designed to extract multi-scale features across several 

resolution levels. The encoder progressively extracts hierarchical feature representations as 

spatial resolution decreases while channel depth increases. At each scale 𝜄th feature map has 

the shape given in eq. 3: 

                                                  FMi

(ι)
∈ ℝCι×Dι×Hι×Wι                                        (3) 

Where: 

• Cι: feature depth increases with depth 

• Dι, Hι, Wι: spatial dimensions decrease progressively. 



                                                                                                                                                                                       Sandeep Kaur, Usha Mittal, Ankita Wadhawan 

Journal of Innovative Image Processing, June 2026, Volume 8, Issue 2  509 

 

These multi-scale modality-specific features are later aggregated using a MAM. It 

generates a unified representation that captures both complementary and discriminative 

information across modalities. 

B.   Global Context Extraction and Modality Attention Module (MAM) 

Global average pooling is applied to each modality-specific feature map to extract the 

global context of all modalities. These global features are then given to a shared multi-layer 

perceptron (MLP) to produce modality-specific importance scores. The scores are normalized 

by a softmax function. Then feature maps are scaled with the help of normalized weights before 

fusion. This process enables the model to dynamically prioritize modalities like T1c for ET 

regions and FLAIR for edema.  

The MAM performs adaptive fusion of modality-specific features. In multimodal MRI, 

different sequences contribute unequally to tumor identification. Clinically, T1c images are 

particularly useful for identifying ET, while FLAIR emphasizes edema. To capture this 

variability, the MAM computes attention weights to represent the relative importance of each 

modality. The flow diagram of the MAM architecture is given in Figure 5 and all the 

components are explained as follows: 

 
Figure 5. Flow Diagram of Modality Attention Module 

• Global Context Encoding: To capture the global importance of each modality, 

Global Average Pooling (GAP) is applied over the spatial dimensions of each 

feature map. 𝕘𝑖  represent channel-wise global descriptor.  

• Attention Weight Computation: Each global descriptor is passed through a 

shared multi-layer perceptron comprising two fully connected layers (FCL) with 

ReLU activation to generate a modality importance score 𝑆𝑖i. The MLP uses a 

channel reduction ratio 𝑟 = 16, where the first FCL decreases the channel 

dimension from 𝐶 to 𝐶/𝑟, followed by ReLU activation and a second FCL that 

returns the scalar attention score.  

• Softmax Normalization: Softmax function is used to normalize the modality 

scores 𝑆i to produce attention weights 𝛼i. The attention scores are generated within 

the Modality Attention Module using global descriptors extracted from modality-

specific encoder features. These scores are then applied to reweight the 

corresponding modality feature maps before the fusion stage.  
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• Feature Re-weighting and Fusion: Each modality feature map is then reweighted 

by its attention score as shown in eq. 4: 

                                                   𝐹̃ = 𝛼i . F𝑖                                        (4) 

The reweighted features are fused using either element-wise summation or channel-

wise concatenation as given in eq. 5. Addition preserves dimensionality and 

reduces computational cost. Concatenation retains modality-specific separation for 

downstream processing.  

         𝐹𝑓𝑢𝑠𝑒𝑑 = {
∑ 𝐹̃𝑖                                                     (𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛)4

𝑖=1

𝐶𝑜𝑛𝑐𝑎𝑡(𝐹̃1, 𝐹̃2, 𝐹̃3, 𝐹̃4)           (𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑖𝑜𝑛)
    (5) 

The proposed MAM differs from the SE-block attention mechanism in the level at 

which attention is computed. While the SE-block performs channel-wise 

recalibration within a single feature map using sigmoid activation, the proposed 

MAM computes attention across modalities using softmax normalization. This 

allows the network to dynamically assign different importance to MRI modalities 

during feature fusion.  

C.   Segmentation Reconstruction  

The decoder reconstructs a full-resolution segmentation map from fused features. 

Multi-resolution skip connections send encoder features to the decoder, preserving spatial 

details during upsampling as given in eq. 6: 

                                                   𝐹𝑠𝑘𝑖𝑝
(𝜄)

=  ∑ 𝛼i
(ι)

. Fi
(ι)4

i=1                             (6) 

Where Fi
(ι)

is the encoder output from modality 𝑖 at level ι, and 𝛼i
(ι)

is the learned 

attention weight for that modality at the same level. 

D.   Multi-Scale Supervision 

Multi-scale supervision is introduced to improve gradient flow during training. 

Auxiliary segmentation outputs are generated at intermediate decoder stages and supervised 

using an auxiliary loss.  

E.   Loss Function  

The proposed model utilizes a composite loss function, in which Dice loss and Cross-

Entropy loss are combined. Dice loss mitigates class imbalance, while Cross-Entropy improves 

voxel-level classification stability. Let Pc(x) denote the predicted probability for class 𝑐 ∈
{0,1,2} at voxel x and Gc(x) denote the corresponding ground truth label. 

Dice: 

                                                ℒ𝐷𝑖𝑐𝑒
(𝑐)

= 1 −
2 ∑ 𝑃𝑐(𝑥)𝐺𝑐(𝑥)+𝜖𝑥

∑ 𝑃𝑐(𝑥)2+∑ 𝐺𝑐(𝑥)2+𝜖𝑥𝑥
                (7) 
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Where 𝜖 = 10-5 to prevent division error. The total Dice Loss across all tumor classes is: 

                                                    ℒ𝐷𝑖𝑐𝑒 =
1

𝐶
∑ ℒ𝐷𝑖𝑐𝑒

(𝑐)𝐶
𝑐=1                             (8) 

Cross-Entropy Loss:  

                                            ℒ𝐶𝐸 = − ∑ ∑ 𝐺𝑐(𝑥)log (𝑃𝑐(𝑥))𝐶
𝑐=1𝑥                            (9) 

Total Loss:  

                                                      ℒ𝑚𝑎𝑖𝑛 = 𝜆1ℒ𝐷𝑖𝑐𝑒 + 𝜆2ℒ𝐶𝐸               (10) 

Where 𝜆1 = 0.7 and 𝜆2 = 0.3 

More weight is given to dice loss due to ET class imbalance.  

Auxiliary Loss: To support better learning at different resolution levels, auxiliary losses 

are applied to intermediate decoder outputs. This improves gradient propagation, stabilizes the 

training process, and helps to capture meaningful features at different scales. 

Upsampled intermediate prediction: 

                                                       𝑆𝑘̂ = 𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑠(𝑘))               (11) 

Auxiliary Loss at Scale k:  

                                                      ℒ𝑎𝑢𝑥
(𝑘)

= 𝜆1ℒ𝐷𝑖𝑐𝑒
(𝑘)

+ 𝜆2ℒ𝐶𝐸
(𝑘)

                          (12) 

Multi-Scale Supervision: 

                                                        ℒ𝑀𝑆 = ∑ 𝛼𝑘
𝐾
𝑘=1 ℒ𝑎𝑢𝑥

(𝑘)
               (13) 

Final total loss: 

                                                     ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑚𝑎𝑖𝑛 + ℒ𝑀𝑆               (14) 

 Results and Observations 

4.1   Experimental Setup 

The MAAF-Net is trained and validated on the BraTS 2024 benchmark dataset. All 

models are trained and validated with the same configuration. The model performance is 

evaluated using the Dice Score, HD95, sensitivity, and specificity. The hyperparameters used 

for implementation are given in Table 3. 

Table 3. Training Hyperparameters Used for Model Implementation 

Parameter Value 

Optimizer Adam 

Initial Learning Rate 1x10-4 

Batch Size 6 

Epochs 50 

Input Size 128x128x128 
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Loss Function Dice, Cross Entropy (CE) 

Dice Weight 0.7 

CE Weight 0.3 

Framework PyTorch (2.6.0)  

GPU NVIDIA A100 

4.2   Performance Comparison on BraTS 2024 

The quantitative comparison of the proposed MAAF-Net with baseline fusion strategies 

is presented in Figure 6. It has been observed that the proposed model attains the best 

performance for both TC and ET regions. For TC segmentation, Dice scores have been 

improved by approximately 5–6% compared to early and mid-fusion strategies. Additionally, 

the proposed model shows a reduction in HD95 by 40% demonstrating more accurate boundary 

delineation. Similarly, for ET, MAAF-Net improves Dice scores by to 8% for early fusion and 

3% for attention-based fusion. Experimental results further demonstrate improvements in 

sensitivity and specificity indicating that the MAAF-Net effectively balances tumor detection 

and false positive suppression. The performance gain in ET segmentation is due to the strong 

contrast of ET regions in T1c images, captured by the MAM to assign higher weights to this 

modality during feature fusion. In contrast, TC segmentation depends on features extracted 

from multiple modalities and receives smaller benefits from MAM. 

 
Figure 6. (a–d) Evaluation of Fusion Strategies for TC and ET, (a) Dice Score, (b) HD95, (c) 

Sensitivity, and (d) Specificity 

4.3   Qualitative Segmentation Analysis 

The qualitative assessment of different fusion strategies is presented in Figure 7. It has 

been observed that early and mid-level fusion models produce over-segmentation. Attention-

based fusion enhances localization but fails to analyze the full tumor structure. In contrast, the 

proposed model visualizes results that closely match the ground truth, with improved 

boundaries and segmentation of ET and TC regions across axial, sagittal, and coronal views. 
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Figure 7. Qualitative Comparison of Different Fusion Strategies 

 
Figure 8. Failure Case Analysis 

A failure case is presented in Figure 8 which illustrates the limitations of different fusion 

strategies, producing damaged tumor boundaries and over-segmentation, causing a decrease in 

overall Dice Score and HD95. 

 4.4   Ablation Study 

The ablation study is performed by gradually removing the MAM and the MSEnc as 

demonstrated in Table 4. It has been analyzed from the table that in the first variant, the 

attention mechanism has been removed. The extracted features from different MRI modalities 

are fused together using concatenation. This configuration attains Dice scores of 0.86 and 0.80 

for TC and ET, respectively. In the second variant, the MSEnc is replaced with a shared 
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encoder. This variant attains Dice scores of 0.87 for TC and 0.82 for ET, demonstrating that 

independent encoders preserve modality-specific information in a better way. 

Overall, the exclusion of the attention module degraded performance, particularly for 

ET segmentation. The complete MAAF-Net produces the best results and validates the 

proposed model architecture for both modality-specific feature extraction and adaptive 

attention fusion. 

Table 4. Impact of MSEnc and Attention Fusion on TC and ET Segmentation 

Model Variant Dice 

(TC) 

Dice 

(ET) 

HD95 

(TC) 

HD95 

(ET) 

Sensitivi

ty (TC) 

Sensitivi

ty (ET) 

Specifici

ty (TC) 

Specifici

ty (ET) 

Without Modality 

Attention (Concat 

only) 

0.86 0.80 5.6 6.9 0.84 0.78 0.91 0.92 

Without MSEnc 0.87 0.82 4.8 5.4 0.86 0.81 0.93 0.93 

Full MAAF-Net 

(Proposed) 

0.92 0.91 3.7 3.5 0.91 0.90 0.96 0.96 

4.5   Computational Efficiency 

MAAF-Net contains approximately 56.52 million trainable parameters due to the 

inclusion of MSEnc and attention-based fusion modules. Despite this architectural complexity, 

the model maintains efficient inference, requiring an average of 1.9 seconds per 3D volume of 

size 128 × 128 × 128. Peak GPU memory usage is limited to approximately 3.8 GB. 

 Conclusion 

This study proposes MAAF-Net, a modality-adaptive attention fusion framework for 

multimodal BTS. The proposed model combines MSEnc with a MAM within a 3D U-Net 

model. The MAAF-Net effectively combines information from multiple MRI modalities and 

performs segmentation of the TC and ET region. Experimental findings on the BraTS 2024 

dataset show improved segmentation, with Dice scores of 0.92 for TC and 0.91 for ET, and 

HD95 values of 3.7 mm and 3.5 mm, respectively. The findings demonstrate that modality-

specific feature extraction and adaptive attention-based fusion improve tumor boundary 

delineation. Although the model provides promising results, further evaluation on multi-

institutional datasets and missing modalities is still needed. Thus, future work focuses on 

extending the framework to handle missing or incomplete modalities to enhance its clinical 

applicability. Additionally, efforts will be made to optimize its computational complexity by 

using a lightweight architecture or a parameter-sharing mechanism. 
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