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Abstract

Background/Objectives: Brain tumor segmentation is critical for accurate identification and
treatment planning. However, delineating intricate tumor areas like Edema, Tumor Core, and
Enhancing Tumor remains challenging owing to diversity in dimensions, morphology, and
delineation. Methods: This introduces an innovative a novel deep learning model integrating a
Pretrained Vision Transformer (ViT) for global context representation, Atrous Spatial Pyramid
Pooling (ASPP) in both encoder and merging stages, and ReLU6. Additionally, attention
mechanisms and Conditional Random Fields (CRF) were incorporated for refining feature
emphasis and segmentation boundaries. Results: The model was trained and tested on the BraTS
2020 dataset and compared with state-of-the-art methods. The suggested model obtained the
highest Dice coefficients across all tumor regions, with improvements of up to 4% for Enhancing
Tumor and Edema. Grad-CAM heatmaps illustrated the model's proficiency in precisely
identifying tumor areas, hence enhancing the interpretability of predictions. Conclusions: The
incorporation of multi-scale feature extraction, attention mechanism, and global context
representation markedly improved segmentation accuracy and interpretability. The findings
underscore the proposed model's capacity to enhance clinical processes and establish a standard
for brain tumor segmentation tasks. Future endeavors involve testing on varied datasets and

investigating lightweight structures for real-time applications.

Keywords: Brain Tumor Segmentation; Vision Transformer; Grad-CAM; Conditional Random
Fields.

1. Introduction

Brain tumors are one of the most critical and life-threatening conditions in humans, marked
by atypical cellular proliferation within the brain that interferes with its regular operations [1], [2],
[3]. They can be categorized as benign or malignant, with the latter presenting considerable hazards
due to their aggressive characteristics. Timely and precise diagnosis is crucial for efficient
treatment planning, rendering brain tumor segmentation a vital role in medical imaging [1], [4],
[5].

Brain tumor segmentation entails the accurate detection and delineation of tumor areas using
brain imaging data, including magnetic resonance imaging (MRI). This method is essential for

multiple reasons: it aids in assessing the tumor's dimensions, location, and advancement, which
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are critical factors for strategizing surgical procedures, radiation therapy, and evaluating treatment
efficacy. Precise segmentation facilitates personalized treatment strategies, enhancing patient
outcomes [6], [7], [8].

Traditionally, brain tumor segmentation has been conducted manually by radiologists, a
process that is both time-intensive and susceptible to inter-observer variability. The growing
accessibility of medical imaging data has highlighted the necessity for automated methods that
yield consistent and reproducible outcomes. Automated segmentation methods seek to alleviate
the burden on medical practitioners while maintaining uniform precision, even in intricate
scenarios [9], [10], [11].

Recent developments in deep learning have transformed medical image analysis, particularly
in brain tumor segmentation [12], [13], [14]. Deep learning models, especially convolutional
neural networks (CNNs), have exhibited remarkable efficacy in extracting intricate information
from medical images. Architectures such as U-Net, 3D CNNs, and encoder-decoder networks are
frequently employed for tumor segmentation owing to their proficiency in effectively capturing
spatial and contextual information. Nevertheless, current models continue to encounter numerous
problems that limit their clinical usefulness [7], [15], [16], [17].

A significant constraint is the dependence on extensive labeled datasets for training, which
can be challenging to acquire in the medical field. Moreover, deep learning models frequently
encounter challenges due to the heterogeneity in tumor morphology, dimensions, and anatomical
placements among patients, potentially resulting in diminished performance [18], [19], [20], [21].
Overfitting to the training data is a significant concern, particularly when working with small
datasets, which are prevalent in medical imaging. Furthermore, numerous models approach tumor
segmentation as a single-modality issue, depending on particular MRI sequences, while
inadequately leveraging the advantages of multi-modality data that offer supplementary insights
into the tumor [22], [23], [24], [25].

We present a U-Net-based segmentation model that integrates residual blocks, attention
processes, and an Atrous Spatial Pyramid Pooling (ASPP) module to overcome these limitations.
The residual blocks improve the model's capacity to capture hierarchical information and alleviate
the vanishing gradient issue, facilitating superior performance on intricate tumor segmentation
tasks [26], [27], [28]. Attention methods are utilized to direct the model's focus towards the most

pertinent areas of the image, hence enhancing accuracy and resilience across diverse tumor
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attributes. The ASPP module enhances the model by acquiring multi-scale contextual information,
rendering it especially effective for tumors with irregular shapes and diverse sizes [13], [29].

Furthermore, we utilize Gradient-weighted Class Activation Mapping (Grad-CAM) to
elucidate the model's decision-making process, thereby improving interpretability and fostering
clinician confidence in the model's predictions. Grad-CAM generates heatmaps that emphasize the
areas of the image that affect the model's output, facilitating a deeper comprehension of its
functionality.

This research employs the BraTS 2020 dataset, comprising multi-modal MRI images, to
validate our suggested methodology. Utilizing the dataset's extensive information and
incorporating sophisticated architectural elements such as residual blocks, attention mechanisms,
and the ASPP module, alongside explainability tools like Grad-CAM, our objective is to create a
resilient and interpretable model for brain tumor segmentation. This methodology is expected to
markedly enhance clinical decision-making and patient care results.

2. Related works

Zhu et al. [30] underscore the significance of exact 3D MRI brain tumor segmentation for
clinical diagnosis and treatment, highlighting the necessity for correct localization and spatial
distribution of brain tumors. To overcome the shortcomings of current methodologies that
frequently neglect voxel-level intricacies, inter-layer linkages, and detailed attributes, they provide
an innovative segmentation network called SDV-TUNet (Sparse Dynamic Volume TransUNet).
This 3D encoder-decoder architecture utilizes volumetric data to produce dense predictions,
integrating voxel information, inter-layer feature connections, and intra-axis information. SDV-
TUNet utilizes a Sparse Dynamic (SD) encoder-decoder module that combines multi-head self-
attention with a 3D extended shifting window approach, facilitating the extraction of global spatial
semantic characteristics. The encoding phase integrates both local strong correlations and long-
range sparse connections, improving the understanding of regional interactions. A Multi-Level
Edge Feature Fusion (MEFF) module is introduced, which progressively integrates multi-level
edge characteristics layer by layer. This module employs skip connections to interface with the
decoder, enhancing the transmission of spatial edge information and boosting segmentation
precision. Experimental results indicate that SDV-TUNet proficiently integrates global and local
data, surpassing conventional approaches in addressing the intricacies of 3D MRI brain tumor

segmentation tasks.
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Sharif et al. [31] introduced a thorough methodology for identifying malignant brain tumors
and precisely localizing aberrant regions in Magnetic Resonance Imaging (MRI) scans. Their
methodology consists of a four-stage workflow that includes tumor preprocessing, segmentation,
feature extraction, and classification. During the preprocessing phase, the region of interest (ROI)
is delineated via manual skull stripping, and noise effects are mitigated through the implementation
of a Gaussian filter. The second stage concentrates on tumor segmentation, employing an enhanced
thresholding technique that integrates binomial mean, variance, and standard deviation for accurate
identification of tumor areas. During the third stage, a collection of geometric and texture features
is retrieved to delineate the essential characteristics of the segmented tumor. The features are
subsequently integrated using a serial-based approach, and the optimal subset is identified with the
assistance of a Genetic Algorithm (GA) to improve classification performance. Classification is
ultimately performed using a Support Vector Machine (SVM) with a linear kernel function,
effectively differentiating between malignant and normal tissues. The incorporation of enhanced
segmentation methods and feature optimization allows this strategy to attain reliable and precise
tumor identification and classification. This methodology highlights its potential in enhancing
MRI-based brain tumor analysis.

Feng et al. [32] examined the difficulties of brain tumor segmentation in MRI images, noting
that substantial variability in tumor areas among people may result in misdiagnosis if dependent
exclusively on clinical judgment. They introduced DAUnet, a U-shaped architecture aimed at
accurate segmentation of brain tumor MRI images, utilizing deep supervision and convolutional
attention. The architecture integrates advanced modules to address the shortcomings of
conventional segmentation techniques that frequently neglect essential 3D information. The
primary element of DAUnet is a Bottle-neck and Attention (BA) module, which combines spatial
and channel (SC) attention with residual connections, termed 3D SC attention. This combination
guarantees effective concentration on essential areas while maintaining crucial details over layers.
A Convolution and Atrous Spatial Pyramid (CASP) module is developed to augment feature
extraction. The CASP module enlarges the receptive field without sacrificing resolution,
employing downsampling and upsampling processes to enhance layer-wise correlations. The
network utilizes deep supervision as an auxiliary branch, integrating deep learning and
regularization methods to enhance parameter refinement and model fitting. This approach allows

DAUnet to get precise segmentation while managing the intricacies of 3D brain tumor MRI



154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

175

176
177

178
179
180
181
182
183
184

images, providing a dependable resource for physicians in diagnosis and treatment planning.

Ullah et al. [11] suggested a hybrid approach that combines handcrafted features with CNNs
to enhance segmentation performance. Handcrafted features, encompassing texture-based,
intensity-based, and shape-based attributes, were retrieved from MRI scans to capture essential
tumor characteristics. A unique CNN architecture was concurrently developed to autonomously
extract features from the data, therefore effectively augmenting the handcrafted features. The
suggested hybrid technique integrates these two paths into a novel CNN architecture, utilizing the
advantages of both manually produced and automatically acquired features. The methodology was
assessed using the Brain Tumor Segmentation (BraTS) challenge dataset with measures like
segmentation sensitivity, accuracy, Dice score, and specificity.

Yang et al. [33] acknowledged the significance of multi-modal magnetic resonance imaging
(MRI) and created F2Net, a versatile fusion network aimed at improving segmentation
performance by utilizing the complementary information in multi-modal images while maintaining
modality-specific traits. In contrast to traditional methods that concentrate exclusively on common
representations, F2Net adeptly tackles the difficulties of efficiently integrating a variable number
of modalities while preserving modality-specific characteristics. F?Net is constructed on an
encoder-decoder architecture that integrates two Transformer-based feature extraction streams
with a cross-modal shared learning network. To effectively integrate multi-modal information, the
network utilizes a cross-modal feature-enhanced module (CFM) to merge modality-specific
features into a shared representation and a multi-modal collaboration module (MCM) to include
encoder-derived features into the shared decoder. This approach allows F2Net to adapt flexibly to

varying numbers of modalities, extracting both unique and common feature representations.

3. Materials and Methods

This section systematically delineates the proposed methodology. The visual summary of the
proposed model is depicted in Figure 2.
3.1. Dataset

The research employs the BraTS 2020 dataset, a well-established standard for brain tumor
segmentation tasks [34], [35], [36], [37], [38]. This dataset consists of multi-modal MRI scans,
including four modalities: T1, FLAIR, T1ce, and T2. Each modality offers complementary insights

regarding the tumor and adjacent brain tissue, facilitating precise segmentation. The dataset
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includes voxel-level ground truth masks that categorize each voxel into four classifications: normal
tissue, edema (ED), tumor core (NCR/NET), and enhancing tumor (ET) [34], [39], [40]. These
annotations were meticulously verified by medical specialists, ensuring exceptional correctness
and dependability. The dataset includes a variety of tumor shapes, sizes, and locations, rendering
it an optimal selection for assessing the generalizability of segmentation methods [35], [37], [40].

We divided the dataset into training, validation, and testing subsets to enhance model
development and assessment. The training dataset comprises labeled MRI scans, whilst the
validation dataset is utilized for hyperparameter optimization and model selection. The testing set
comprises unlabeled data for autonomous performance evaluation. Each MRI volume undergoes
preprocessing to maintain uniformity, which includes scaling to a standardized shape,
normalization of pixel intensities, and one-hot encoding of segmentation masks. This configuration
guarantees that the dataset tests the model's capacity to generalize across various tumor topologies
while simultaneously offering a standardized benchmark for evaluating segmentation methods.
3.2. Data Preprocessing

Data preprocessing is an essential phase to guarantee that the MRI volumes are adequately
prepared for input into the deep learning model. In this work, all MRI volumes were standardized
to a consistent dimension of 128x128x128 to provide consistency across the dataset. The scaling
was executed to address computational constraints while maintaining adequate spatial resolution
for efficient segmentation. The pixel intensity values of the MRI scans were normalized to a range
of [0,1] by scaling each volume's intensity values, so assuring consistency in data representation
and enhancing model convergence during training.

To prepare the segmentation masks for model training, the ground truth annotations were
encoded using one-hot encoding. This procedure entails transforming the multi-class voxel labels
(normal tissue, edema, tumor core, and enhancing tumor) into binary format over four distinct
channels. Furthermore, data consistency was kept by ensuring the accurate alignment of all
modalities inside an MRI volume. Any absent slices in the volumes were supplemented to preserve
the uniform shape. The preprocessing processes were essential for preparing the dataset for
efficient training, minimizing noise, and ensuring compatibility with the architecture of the
proposed deep learning model.

3.3. Data Augmentation

Data augmentation is essential for improving the diversity and robustness of training data,
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particularly in medical imaging datasets that frequently contain restricted samples [41], [42], [43],
[44], [45]. This work utilized various 3D augmentation approaches to replicate real-world
variability in MRI images and enhance the model's generalizability. The approaches encompassed
elastic deformations, random rotations, flipping, noise additions, and intensity scaling. Random
rotations between —20 degrees and 20 degrees were implemented to provide changes in imaging
orientations, while horizontal and vertical flipping replicated mirror-like transformations of brain
anatomy, assuring invariance to these variations [46], [47], [48], [49].

Elastic deformation was notably effective in producing non-linear changes by the application
of Gaussian-filtered random displacements to MRI volumes. This method emulates real
anatomical distortions and drives the model to acquire more resilient features. Gaussian noise was
used to replicate imaging artifacts and acquisition noise typically observed in actual clinical
environments. Furthermore, intensity scaling was executed by multiplying voxel intensities by
random scaling factors, enabling the model to adjust to fluctuations in brightness and contrast
resulting from disparities in MRI scanners or acquisition techniques [45], [48], [49]. Table |

delineates the data augmentation techniques utilized in this investigation.

Table 1. Summarizing the data augmentation techniques employed in this study.

Technique Description Purpose Parameters
Applies Gaussian-filtered Mimics non-linear anatomical Gaussian filter:
random displacements to MRI  distortions for better o=34\alpha=34

Elastic Deformation volumes. generalization. 0=4\sigma=4,
Simulates different imaging
Randomly rotates MRI volumes orientations to enhance Angle range:
Rotation within a specified angle range.  rotational invariance. —-20 to 20

Simulates mirror-like

Multiplies voxel intensities by ~ transformations for spatial Scaling factor: 0.4 to
Intensity Scaling  random scaling factors. invariance.
Flips MRI volumes along vertical Axes: horizontal,
Flipping and horizontal axes. vertical
Adds Gaussian noise to the voxel Simulates imaging artifacts and Standard Deviation:
Noise Addition intensities of MRI volumes. acquisition noise. 0.05, Mean: 0

The augmentation strategies markedly enhanced the diversity of the training data, diminishing
the probability of overfitting and facilitating the model's ability to generalize effectively to novel

instances [47], [48]. By dynamically producing augmented data during training, the model
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experienced distinct variances in each epoch, hence improving its ability to learn invariant
properties across various imaging settings. All augmentations were meticulously crafted to
maintain the anatomical and spatial integrity of the data, so assuring that the enhanced samples
remained clinically valid and pertinent for the brain tumor segmentation work. This extensive
enhancement method improved the resilience and dependability of the proposed deep learning
model [47], [48], [50]. Figure 1 illustrates the outcomes of implementing the augmentation

techniques on an image.
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Figure 1. The results of applying the augmentation techniques to an image.

3.4. Proposed Model Architecture

The U-Net backbone functions as the core architecture for the proposed brain tumor
segmentation model, utilizing an encoder-decoder framework with skip connections to capture
both global context and intricate details [7], [16], [51]. The encoder path derives hierarchical
features from the input MRI volumes via successive convolutional and pooling layers,
systematically diminishing spatial dimensions while enhancing feature richness. The decoder path
reconstructs the segmentation mask by progressively upsampling the encoded features to recover
the original spatial dimensions. Skip connections link the encoder and decoder pathways,
conveying high-resolution characteristics from prior encoder layers to their corresponding decoder
layers. This technique maintains spatial details and guarantees accurate localization, which is

essential for medical image segmentation tasks [52], [53], [54].
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259

260 Residual blocks are integrated at every stage of the encoder and decoder to augment the

261  feature extraction capability of the U-Net backbone. A residual block comprises convolutional
262 layers interleaved with batch normalization and activation functions, accompanied by shortcut
263  connections that bypass these layers. This architecture alleviates the vanishing gradient issue,
264  enhances gradient flow during backpropagation, and facilitates the acquisition of deeper and more
265 resilient feature representations. The residual blocks enhance the model's capacity to accurately
266  1identify complicated and changeable tumor areas by efficiently capturing both low- and high-level
267  information [55], [56], [57], [58].

268 The employed residual block, depicted in Figure 3, is intended to improve feature extraction
269  and gradient flow inside the U-Net architecture. It has two 3D convolutional layers: the initial layer
270  has a kernel size of 3x3x3, while the subsequent layer has a kernel size of 1x1x1. Both layers
271  employ the ReLU®6 activation function, which successfully mitigates gradient saturation problems
272 and enhances computational efficiency. Every convolutional operation is succeeded by batch
273  normalization, which stabilizes the learning process by normalizing the feature maps. In contrast
274  to conventional residual blocks, this block does not directly transmit the input to the output. The

275  1input is subjected to an independent 3x3x3 convolutional transformation prior to being combined
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with the result of the two-layer transformation. This method guarantees that the input's
dimensionality aligns with the output, allowing the block to successfully include both the
converted features and the enhanced residual information. The architecture is especially beneficial
for detecting intricate patterns in medical images, as it harmonizes feature enhancement with

computing efficiency.
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Figure 3. Architecture of the Attention and Residual Blocks.

The Vision Transformer (ViT) improves the proposed model by incorporating global feature
representation through self-attention mechanisms [59], [60], [61], [62]. In contrast to traditional
CNNs, which are fundamentally localized because of their kernel-based architecture, ViT
effectively capture long-range connections and relationships within the input data . This capability
is especially significant for medical image segmentation, as tumors may display intricate spatial
interactions that extend across several parts of the brain. By incorporating ViT into the architecture,
the model utilizes global contextual information in conjunction with localized features, facilitating

more accurate segmentation of brain tumors [63], [64], [65].
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The suggested method employs a customized 3D Vision Transformer to analyze volumetric
MRI data. The input MRI volume is segmented into non-overlapping 3D patches of 16x16x16,
with each patch representing a small brain region. The patches are flattened and mapped into an
embedding space via a dense layer, thereby encoding each patch into a feature vector. Positional
embeddings are incorporated into the patch embeddings to preserve spatial information, enabling
the transformer to differentiate the relative positions of patches within the 3D volume. A trainable
class token is added to the beginning of the sequence of patch embeddings, aggregating global
information from all patches and functioning as a summary representation for downstream tasks.

The transformer consists of several blocks of multi-head self-attention and feed-forward
neural networks, each block being preceded by layer normalization. The multi-head self-attention
method allows the model to assess the significance of one patch in relation to others, thereby
capturing significant interactions across isolated areas in the MRI volume. Each transformer block
iteratively changes the patch embeddings, enhancing their representations by considering both
local and global contexts. This iterative refinement enables the ViT to simulate intricate spatial
interactions throughout the brain, rendering it especially useful for segmenting tumor regions that
may exhibit irregular forms or overlap with adjacent structures.

Upon processing the input through the transformer blocks, the resultant embeddings are
reconfigured into a 3D feature map. The feature map, enhanced with global contextual
information, is included into the U-Net backbone to aid in the segmentation process. By integrating
the ViT's capacity to capture global dependencies with the U-Net's proficiency in maintaining local
spatial details, the model attains a robust equilibrium between global and local feature
representation. This integration markedly enhances the precision of brain tumor segmentation,
allowing the model to identify tumor boundaries more efficiently in intricate MRI data.

Attention mechanisms are essential to the proposed model, especially for enhancing the skip
connections in the U-Net design. In traditional U-Net models, skip connections convey high-
resolution spatial data from the encoder to the decoder, thereby preserving fine details throughout
the reconstruction of segmentation masks. Nonetheless, not all attributes in these linkages possess
equal significance, particularly for tasks such as brain tumor segmentation, where the emphasis
should be on tumor regions. To resolve this, attention blocks are implemented to selectively
highlight the most pertinent elements within the skip connections, enhancing the model's capacity

to focus on tumor-specific areas while diminishing extraneous background information [2], [19],
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[66], [67], [68], [69].

The attention block functions by dynamically assigning weights to the features in the skip
connection according to their significance for the current decoder phase. This is accomplished by
calculating an attention map that aligns the features from the skip connection with those from the
decoder. The block initiates by applying a 3x3x3 convolution to the input decoder features,
succeeded by batch normalization to produce a feature map. The skip connection features are
concurrently analyzed using a 1x1x1 convolution and batch normalization. The processed features
are subsequently merged through element-wise addition and activated using a ReLU function. A
concluding 1x1x1 convolution with a sigmoid activation produces the attention map, emphasizing

the significance of each feature in the skip connection.
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Figure 4. Architecture of the 3D Atrous Spatial Pyramid Pooling (ASPP) block.

The produced attention map is utilized on the skip connection via element-wise
multiplication, enabling the network to concentrate solely on the most pertinent aspects for the
current decoding phase. This selective refinement improves the transmission of significant spatial
and contextual information, ensuring that the decoder concentrates on tumor locations with more
precision. The attention mechanism allows the network to dynamically adjust its focus, hence
improving its efficacy in segmenting complicated and irregular tumor formations.

The incorporation of attention blocks into the skip connections enhances the model's precision
and robustness in brain tumor segmentation. These blocks not only augment the model's capacity
to identify tumor locations but also mitigate the influence of extraneous characteristics and

background noise. This targeted refinement is essential for guaranteeing that the model produces
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high-quality segmentation results, especially in complex scenarios with varied tumor shapes and
overlapping regions.

The Atrous Spatial Pyramid Pooling (ASPP) module is a crucial element of the proposed
architecture, intended to capture multi-scale contextual information vital for segmenting brain
tumors with intricate shapes and varying sizes [68], [70], [71], [72]. The ASPP module utilizes
atrous convolutions with varying dilation rates, allowing the model to extract features from diverse
receptive field widths while maintaining the spatial precision of the feature maps. This multi-scale
feature extraction is essential for comprehending both intricate features, such as tumor boundaries,
and overarching structures, such as the tumor's interaction with adjacent tissue [68], [71], [73],
[74]. The architecture of the ASPP block is depicted in Figure 4.

The ASPP module consists of multiple parallel layers that manipulate the input feature map
through various actions. The architecture comprises a 1x1x1 convolutional layer for the extraction
of intricate local features, alongside three 3x3x3 atrous convolutions with dilation rates of 6, 12,
and 18. The diverse dilation rates enable the model to identify characteristics at several scales,
with smaller dilation rates emphasizing local patterns and bigger dilation rates including wider
spatial contexts. Furthermore, a global average pooling operation consolidates characteristics from
the complete input volume, guaranteeing that the module encodes comprehensive contextual
information. The aggregated features are further reshaped, processed via a 1x1x1 convolutional
layer, and upsampled to align with the spatial dimensions of the other outputs.

The outputs from these parallel layers are concatenated along the channel dimension to merge
multi-scale characteristics into a singular enriched representation. This integrated feature map
amalgamates data from several receptive field dimensions, enhancing the model's comprehension
of the spatial complexity of brain tumors. The ASPP module improves the model's capacity to
collect both local and global spatial features by utilizing multi-scale atrous convolutions and global
pooling. This is especially advantageous for brain tumor segmentation, as it guarantees accurate
delineation of tumor boundaries while considering the wider anatomical context. The integration
of varied dilation rates and global context aggregation enables the model to effectively manage the
heterogeneous and irregular characteristics of brain tumors in medical imaging tasks.

Conditional Random Fields (CRFs) are integrated into the proposed model as a post-
processing phase to enhance segmentation boundaries and augment the precision of the projected

masks [75], [76], [77]. The U-Net-based architecture, although effective in generating detailed
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segmentation predictions, may yield excessively smooth or coarse boundaries, especially in
instances when tumor regions are intricate or intersect with adjacent tissues. CRFs mitigate this
disadvantage by functioning as a probabilistic graphical model that ensures spatial consistency and
aligns segmentation predictions with the actual anatomical structures in the MRI volumes [78],
[79], [80], [81].

The CREF layer functions by enhancing the pixel-level predictions generated by the network.
It specifically examines the associations between adjacent pixels or voxels, employing spatial and
intensity similarities to ascertain the probability of a voxel being classified into a particular
category [76], [78], [81]. The CRF incorporates spatial information into the segmentation map,
ensuring that the projected boundaries are more accurate and closely coincide with the real tumor
edges. This technique is crucial for differentiating areas of tumor from adjacent tissues, where
intensity variations may be minimal [76], [77], [80].

In the suggested design, the CRF is included as a customized layer that processes the output
of the final segmentation layer. The existing implementation functions as a placeholder, but the
CREF logic can be augmented to incorporate widely utilized techniques, such as fully linked CRFs,
which utilize pairwise potentials to enhance segmentation accuracy. These potentials encompass
both the unary components (network predictions) and the pairwise components (spatial
consistency). Utilizing this information, the CRF rectifies segmentation inaccuracies resulting
from network misclassifications and yields a more anatomically coherent outcome.

The incorporation of a CRF layer improves the model's overall performance, especially in
difficult scenarios where precise border delineation is essential. The proposed model integrates the
advantages of deep learning for feature extraction with CRF for boundary refinement, resulting in
enhanced segmentation accuracy and reliability, hence rendering it suitable for clinical
applications in brain tumor analysis.

3.5. Explainability via Grad-CAM

Explainability is a crucial component of deep learning models, especially in medical
applications, where comprehending the reasoning behind predictions is vital for clinical credibility
and acceptance [5], [9], [82], [83]. To improve the interpretability of the proposed brain tumor
segmentation model, Gradient-weighted Class Activation Mapping (Grad-CAM) was utilized to
produce heatmaps that illustrate the areas of the input MRI volumes that significantly impacted

the model's predictions. Grad-CAM emphasizes significant spatial features by calculating the
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gradients of the target class (e.g., tumor region) relative to the activations of a chosen convolutional
layer, thereby indicating which areas of the MRI most influenced the model's judgments [9], [52],
[84].

The final convolutional layer of the model was chosen for the creation of Grad-CAM
heatmaps. This layer was selected due to its ability to preserve spatial information while
abstracting essential high-level elements for prediction. The gradients of the target class
concerning the output of this layer were backpropagated to ascertain the significance of each
feature map. The significance values were subsequently weighted and aggregated over the layer's
channels, resulting in a spatial activation map. The resultant heatmap was superimposed onto the
original MRI slice, emphasizing the areas of emphasis for the model during segmentation.

Incorporating Grad-CAM into the workflow yielded significant insights into the model's
decision-making process [5], [84], [85]. The heatmaps illustrated the model's ability to distinguish
between tumor locations and healthy tissues, providing a visual explanation of its predictions. This
capability is especially advantageous in detecting potential failure instances, such as when the
model inaccurately forecasts tumor margins or overlooks subtle tumor areas. Through the
examination of heatmaps, doctors can ascertain if the model's predictions correspond with their
anticipations and comprehend the rationale behind misclassifications, so enhancing the
transparency and reliability of the segmentation process [5], [82], [85].

Grad-CAM functioned as an effective instrument for comprehending and corroborating the
predictions of the presented model. Providing voxel-level explainability not only boosted clinical
interpretability but also facilitated debugging and improvement of the model’s performance. This
integration ensures that the model's predictions are reliable and based on pertinent features, thereby
bridging the gap between the complexity of deep learning models and the necessity for actionable
insights in medical imaging.

3.6. Evaluation metrics

Evaluation metrics are essential for analyzing the efficacy of a segmentation model,
especially in intricate tasks such as brain tumor segmentation. This study included multiple metrics
to assess the model's proficiency in accurately delineating and classifying tumor areas. Accuracy
served as a comprehensive indicator to assess the ratio of accurately categorized pixels throughout
the full segmentation map. Although accuracy offers a general assessment of the model's efficacy,

it may inadequately reflect the variations within specific tumor patches, particularly in datasets
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characterized by uneven class distributions, where small tumor areas may be shadowed by
extensive background regions [68], [86], [87].

In addition to accuracy, precision and recall were employed to evaluate class-specific
performance. Precision emphasizes the reduction of false positives by measuring the ratio of
accurately identified tumor pixels to the total pixels indicated as tumor class. This parameter is
essential for preventing the erroneous classification of healthy tissue as tumor, which is vital in
therapeutic applications. Recall, conversely, assesses the model's capacity to detect all pertinent
tumor pixels, hence reducing false negatives. Elevated recall guarantees that no segment of the
tumor is overlooked, which is crucial for treatment strategizing and surveillance [6], [7], [24], [88].

The Dice coefficient, a widely used statistic in medical image segmentation, was utilized to
assess the overlap between the predicted segmentation and the ground truth. This score spans from
0 (no overlap) to 1 (complete overlap) and offers a balanced assessment of precision and recall.
This is especially beneficial for assessing the model's efficacy in delineating tumor boundaries,
rendering it optimal for medical applications where accuracy in boundary detection is essential.
Furthermore, ROC-AUC was employed to evaluate the model's capacity to differentiate between
classes based on predicted probabilities, providing insights into its performance across diverse
confidence levels [3], [24], [25], [89].

3.7. Model Training

The model was developed in Python and implemented utilizing tools like TensorFlow and
Keras for architecture, training, and assessment. OpenCV was employed for data preprocessing
activities, encompassing the scaling of MRI volumes and the normalization of intensity values to
provide consistency throughout the dataset. The Vision Transformer (ViT) encoder was
incorporated utilizing the timm library, notably the 'vit_base_patch16_224" pretrained model,
which utilized knowledge from extensive datasets. The studies were performed on a high-
performance machine featuring an NVIDIA GeForce RTX 3080 GPU, facilitating effective
parallel computation, complemented by a 12th Gen Intel(R) Core(TM) i7-12700H processor and
32 GB of RAM for uninterrupted data processing and model training.

The proposed model comprises about 7 million parameters, including approximately 3.78
million trainable parameters and 3.27 million non-trainable parameters. The non-trainable
parameters were obtained from the pretrained Vision Transformer, initialized with weights from

ImageNet training. By freezing these weights during training, the overall feature extraction
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capabilities of the transformer were preserved, hence providing strong global feature
representations. This method significantly decreased computational expenses and alleviated the
risk of overfitting, particularly considering the relatively small size of the BraTS 2020 dataset.
Trainable parameters were predominantly concentrated on acquiring task-specific characteristics
for delineating brain tumor areas.

The training procedure was set for a maximum of 50 epochs with a batch size of 1, employing
a learning rate scheduler to dynamically modify the learning rate over time, hence facilitating
stable convergence. Early stopping was implemented to track validation loss and terminate training
if no enhancement was detected for three successive epochs, hence ensuring optimal performance
without overfitting. The categorical cross-entropy loss function directed the model's predictions in
this multi-class segmentation challenge, facilitating precise separation between tumor kinds and
normal tissue.

In order to optimize computational efficiency, a custom time-tracking callback was
implemented to monitor the time taken per epoch, while model checkpointing was implemented
to protect the model weights with the greatest validation performance during the training process.
The combination of sophisticated methodologies, pretrained transformer integration, and robust
hardware setup facilitated the model's attainment of elevated segmentation accuracy while
preserving computing efficiency.

4. Results and Discussion

The suggested model was assessed using the BraTS 2020 dataset in conjunction with various
cutting-edge models, including nnU-Net [90], SwinBTS [18], Edge U-Net [53], and 3DUV-NetR+
[91]. All models were trained and evaluated on identical dataset samples to guarantee a fair
comparison. The evaluation measures were accuracy, precision, recall, and the Dice coefficient for
three principal tumor regions: Tumor Core, Edema, and Enhancing Tumor. The findings indicate
that the suggested model surpassed alternative methods across multiple important criteria,
illustrating its efficacy in brain tumor segmentation. The results of applying five models to the
dataset are presented in Tables 2 and 3 and Figure 5.

The suggested model for the Tumor Core attained the highest precision (0.55) and Dice
coefficient (0.39) compared to all models, while maintaining an accuracy of 0.99, comparable to
nnU-Net. The results demonstrate that the proposed approach accurately identifies tumor areas

while reducing false positives, an essential consideration for clinical applications. Significantly,
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none of the other models attained a greater recall for Tumor Core than the suggested method, hence
emphasizing its enhanced segmentation proficiency.

In the Edema segmentation challenge, the suggested model exhibited remarkable superiority,
attaining the greatest precision (0.70) and Dice coefficient (0.62). The results demonstrate the
model's proficiency in accurately segmenting Edema areas, even when the structure is uneven and
diffuse. In contrast to nnU-Net, which attained a Dice coefficient of 0.58, and 3DUV-NetR+,
which achieved 0.56, the proposed model's attention mechanisms and ASPP module markedly
improved its ability to capture multi-scale features and efficiently concentrate on the Edema
regions.

The suggested model attained a Dice coefficient of 0.54 for the Enhancing Tumor region,
above the performance of nnU-Net (0.51), SwinBTS (0.50), and 3DUV-NetR+ (0.50). The
accuracy for Enhancing Tumor segmentation consistently stayed at 0.99 across the models;
however, the proposed model's superior Dice score underscores its enhanced equilibrium between
precision and recall. The Enhancing Tumor areas present significant challenges due to the small
size and irregular morphology, and the suggested model's superior performance compared to other
techniques in this domain highlights its robustness.

The higher efficacy of the proposed model is due to its attention-enhanced skip connections,
which optimize the transfer of spatial features between the encoder and decoder. The attention
methods enabled the model to dynamically concentrate on pertinent features in the input data while
attenuating background noise, resulting in enhanced precision and superior segmentation
outcomes for all tumor regions.

The ASPP module enhanced the model's capabilities by extracting multi-scale contextual
information through atrous convolutions with diverse dilation rates. This function was especially
advantageous for delineating Edema and Enhancing Tumor areas, where diversity in size and
spatial distribution frequently presents considerable challenges. The multi-scale feature extraction
allowed the model to identify both intricate details and overarching architecture, facilitating
effective segmentation across various tumor types.

All models evaluated in this study were trained and assessed on identical dataset samples,
guaranteeing a uniform and impartial comparison. Although several models, such as nnU-Net and
SwinBTS, demonstrated competitive performance in specific measures, the suggested model

consistently achieved higher results across all tumor regions. For instance, although nnU-Net
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attained excellent accuracy, its precision and Dice scores were inferior to those of the suggested

model for Edema and Enhancing Tumor regions, underscoring the latter's proficiency in properly

balancing several facets of segmentation performance.

Despite all models attaining comparable high accuracy (0.98 or 0.99), accuracy alone is an
inadequate metric for assessing segmentation quality in this context, owing to the dataset's
imbalanced nature, characterized by a predominance of background pixels. Metrics like the Dice
coefficient and precision, which concentrate on tumor-specific areas, offer a more refined

assessment and were essential in differentiating the performance of the proposed model from its

rivals.

Table 2. Quantitative results of implementing five models on the BraTS 2020 dataset.

Models tested on BraTS 2020 Class Accuracy Precision Recall Dice
dataset
Tumor Core | 0.99 0.52 0.40 0.35
nnU-Net [90] Edema ' 0.97 0.66 0.60 0.58
Enhancing 0.98 0.63 0.51 0.51
Tumor
Tumor Core | 0.98 0.54 0.39 0.37
SwinBTS [18] Edema ‘ 0.98 0.68 0.61 0.59
Enhancing 0.99 0.64 0.53 0.50
Tumor
Tumor Core | 0.98 0.52 0.37 0.36
Edge U-Net [53] Edema . 0.98 0.65 0.58 0.57
Enhancing 0.98 0.64 0.51 0.52
Tumor
Tumor Core | 0.98 0.53 0.37 0.35
3DUV-NetR+ [91] Edema ‘ 0.98 0.67 0.60 0.56
Enhancing 0.99 0.62 0.53 0.50
Tumor
Tumor Core | 0.99 0.55 041 0.39
Ours Edema 0.98 0.70 0.63 0.62
Enhancing 0.99 0.66 0.55 0.54
Tumor

The incorporation of the Vision Transformer (ViT) and the CRF post-processing layer
markedly improved the performance of the proposed model. The ViT identified long-range

dependencies in the MRI volumes, enhancing the representation of global properties.
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Simultaneously, the CRF layer enhanced the segmentation boundaries, ensuring that the predicted
masks accurately corresponded to the actual tumor shapes. These enhancements enabled the model
to surpass current methodologies and attain an improved equilibrium between sensitivity and
specificity.

The suggested model attained state-of-the-art performance on the BraTS 2020 dataset,
showcasing its robustness and efficacy in brain tumor segmentation. This study establishes a new
benchmark for brain tumor segmentation by utilizing advanced architectural components,
including attention mechanisms, ASPP, and CRF, while assuring a fair comparison through the
training and testing of all models on identical dataset samples.

Comparison of Models on BraTS 2020 Dataset

Performance for Tumor Core

Accuracy
Precision
Recall

Dice

Metric Value

Performance for Edema

Accuracy
Precision
Recall

Dice

Metric Values
Metric Value

Performance for Enhancing Tumor

Accuracy
Precision
Recall

Dice

Metric Value

%, 3 &
» & = & o
N & O e
& ) @ bl
& Q’b"’ 6’5‘
£y
Models

Figure 5. Evaluation of models using the BraTS 2020 dataset across three tumor regions: Tumor Core,
Edema, and Enhancing Tumor. The metrics encompass Accuracy, Recall, Precision, and Dice Coefficient

for nnU-Net, Edge U-Net, SwinBTS, 3DUV-NetR+, and the suggested model (Ours).
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Table 3. Visual comparison of segmentation outcomes for nnU-Net [90], SwinBTS [18], Edge U-Net [53],
3DUV-NetR+ [91], and the suggested model. The outcomes demonstrate the ability of each model to

delineate tumor areas, including Edema, Tumor Core, and Enhancing Tumor.

Models Results

Tlce

Ground Truth Mask B Predicted Mask

nnU-Net [90]

Ground Truth Mask Predicted Mask

SwinBTS [18]

Ground Truth Mask . Predicted Mask

Edge U-Net [53]

Ground Truth Mask Predicted Mask

3DUV-NetR+ [91]

Flair

Ground Truth Mask

Predicted Mask

Ours “

5. Ablation study

The ablation study assesses alternative model configurations to determine the contributions
of different components in improving segmentation performance on the BraTS 2020 dataset. Six
models featuring diverse configurations of ReLLU, ReLU6, ASPP (in both encoder and merging

phases), variations in kernel size, and the inclusion of Pretrained ViT were evaluated. This analysis



571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601

compares the performance of these setups based on critical assessment measures like as accuracy,
precision, recall, and the Dice coefficient.

Model 1 (ReLU + ASPP after merging + ASPP in encoder + pretrained ViT), as outlined in
Table 4, functioned as a benchmark for enhanced setups. Although it demonstrated commendable
overall accuracy and precision, its recall and Dice coefficients were marginally inferior for
intricate tumor locations such as Edema and Enhancing Tumor, indicating potential for
enhancement in the equilibrium of false negatives and positives. The use of ASPP at various stages
and a pretrained ViT facilitated the acquisition of multi-scale features and global dependencies;
nevertheless, the dependence on ReLU constrained gradient flow efficiency in deeper layers.

Model 2 (ReLU6 + ASPP in encoder + pretrained ViT) employs ReLU6 instead of ReL.U,
hence augmenting gradient flow and enhancing recall and Dice coefficients for Edema
segmentation. Nevertheless, in the absence of ASPP post-merger, the model encountered
difficulties in capturing intricate details, especially inside Enhancing Tumor areas. The findings
suggest that ASPP in the encoder alone is inadequate for efficient multi-scale feature extraction.

Model 3 (ReLU + ASPP in the encoder + pretrained ViT) exhibited inferior overall
performance relative to Models 1 and 2. The lack of ASPP following the merger resulted in
diminished capacity to grasp global context, as indicated by decreased Dice scores in tumor
regions. This approach emphasized the significance of including ASPP post-merging stages to
enhance segmentation boundaries efficiently.

Model 4 (ReLU + ASPP post-merger + ASPP in encoder + kernel_size=5 in ASPP +
pretrained ViT) incorporated an enlarged kernel size in ASPP to capture more extensive spatial
features. This arrangement enhanced precision and Dice scores for bigger tumor areas such as
Edema, but exhibited somewhat diminished performance for tiny regions like Enhancing Tumor.
This indicates that augmenting the kernel size in ASPP can enhance performance for particular
tumor types, although may not be applicable to other instances.

Model 5 (ReLU6 + ASPP post-merger + ASPP in encoder) substituted the pretrained ViT
with an exclusively convolutional backbone. Although it exhibited satisfactory accuracy and
recall, the absence of comprehensive feature representation resulted in marginally reduced
precision and Dice coefficients, especially for Edema and Enhancing Tumor areas. This
underscores the essential function of Pretrained ViT in capturing long-range dependencies and

enhancing overall segmentation quality.
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Model 6 (Ours: ReLU6 + ASPP post-merging + ASPP in encoder + pretrained ViT)
demonstrated superior performance, attaining the highest precision and Dice coefficients across
all tumor locations. The integration of ReLUG6 for gradient optimization, ASPP at both the encoder
and merging phases for multi-scale feature extraction, and a pre-trained ViT for global context
representation established a resilient architecture for brain tumor segmentation. This arrangement
effectively balanced precision and recall, especially in tough areas such as Enhancing Tumor,
where the Dice coefficient was markedly superior to those of previous models.

The ablation investigation underscores the significant roles of ReLU6, ASPP location, and
the pretrained ViT in enhancing segmentation performance. The separate components, such as
ASPP and pretrained ViT, function individually; however, their integration in the proposed model
(Model 6) yields a synergistic enhancement, establishing a new standard for brain tumor

segmentation on the BraTS 2020 dataset.

Table 4. Evaluation metrics, ROC curves, and training-validation performance curves from the ablation
study. The bar charts highlight the accuracy, precision, recall, and Dice coefficients for each tumor class,
while the training curves show the progression of precision, accuracy, recall, and loss, providing insights
into the convergence and generalization of each model structure. The ROC curves illustrate the model's

ability to balance sensitivity and specificity across training, validation, and test sets.
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To assess the interpretability and decision-making processes of the models in the ablation

study, Grad-CAM heatmaps were produced for each structure to illustrate the regions influencing

the predictions (refer to Table 5). The findings indicated that the proposed model (Model 6)

consistently concentrated on pertinent tumor regions with accurate attention to borders, in contrast

to other models. Structures lacking ASPP post-merger (e.g., Model 3) exhibited diffuse and less

distinct activations, signifying diminished localization efficacy. Likewise, models devoid of

pretrained ViT (e.g., Model 5) demonstrated less global context, leading to overlooked or

irrelevant activations for extensive tumor areas such as Edema. These discoveries underscore the

synergistic impact of using ASPP at both the encoder and merging phases, ReLU6 for effective

feature extraction, and pretrained ViT for comprehensive feature representation in enhancing

segmentation accuracy and interpretability.
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6. Conclusion and Outlook

This paper presents an advanced deep learning model for brain tumor segmentation utilizing
the BraTS 2020 dataset. Our model incorporates ReLU6 for effective gradient propagation, an
Atrous Spatial Pyramid Pooling (ASPP) module for multi-scale feature extraction during both the
encoder and merging phases, and a pretrained ViT for the acquisition of global context. The
incorporation of these elements resulted in superior performance, especially in intricate tumor

areas such as Edema and Enhancing Tumor, as seen by elevated Dice coefficients and balanced
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precision-recall measures relative to other models. We conducted a comprehensive ablation
investigation that emphasized the essential contributions of each component, demonstrating their
individual and collective advantages in enhancing segmentation accuracy and robustness.

The findings underscore the significance of multi-scale feature representation and global
dependency modeling in medical image segmentation. The attention mechanisms and post-
processing approaches, including the CRF layer, enhanced segmentation boundaries, ensuring
precise localization of tumor locations. The model's performance across critical measures
highlights its potential as a dependable instrument for aiding doctors in brain tumor diagnosis and
treatment planning. Furthermore, the application of Grad-CAM for interpretability revealed the
model's capacity to deliver comprehensible predictions, which is crucial for clinical
implementation.

Several interesting approaches exist to improve the presented methodology. Integrating
supplementary datasets featuring varied patient demographics and imaging techniques may
enhance the model's generalizability and resilience. Investigating lightweight and efficient model
versions for deployment in real-time clinical environments, including edge devices, represents a
further direction for future research. Moreover, incorporating domain adaptation strategies could
further improve the model's efficacy on unfamiliar datasets, mitigating possible issues related to
domain shift in medical imaging.

The use of multimodal data, including radiology reports and genetic information, in
conjunction with MRI images, may reveal new opportunities for tumor characterization and
classification. Subsequent research may investigate self-supervised or semi-supervised learning
methodologies to utilize unlabeled data, hence diminishing reliance on annotated datasets. The
gains in this study establish a basis for creating more precise, interpretable, and scalable Al-driven

solutions for brain tumor segmentation and other applications.
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