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ABSTRACT: Accurate and e>cient brain tumor segmentation is essential farg diagnosis, treatment planning, and
clinical decision-making. However, the complex structure aibranatomy and the heterogeneous nature of tumors
present signiecant challenges for precise anomaly detectghile U-Net-based architectures have demonstrated
strong performance in medical image segmentation, thereaiesmroom for improvement in feature extraction and
localization accuracy. In this study, we propose a novel hyhidel designed to enhance ¢D brain tumor segmentation.
e architecture incorporates a ¢D ResNet encoder known for mittgey the vanishing gradient problem and a ¢D
U-Net decoder. Additionally, to enhance the model's geneadilon ability, Squeeze and Excitation attention mechanism
is integrated. We introduce Gabor «lter banks into the encodeifurther strengthen the model's ability to extract
robust and transformation-invariant features from the coewhnd irregular shapes typical in medical imaging. is
approach, which is not well explored in current U-Net-basedmentation frameworks, provides a unique advantage
by enhancing texture-aware feature representation. Spebjis€hbor elters help extract distinctive low-level texture
features, reducing the eSects of texture interference and f&ailg faster convergence during the early stages of training.
Our model achieved Dice scores of y.——O, y.—¥4, and y.—@AtondEIT), Tumor Core (TC), and Enhancing
Tumor (ET), respectively, on the BraTS oyoy dataset. Cralidation on the BraTS 0yoO dataset further conermed
the model's robustness, yielding Dice score values of y.—Wb, for— & for TC, and y.—0¥ for ET. e proposed
model outperforms several state-of-the-art existing msdparticularly in accurately identifying small and complex
tumor regions. Extensive evaluations suggest integratimgrazkd preprocessing with an attention-augmented hybrid
architecture oSers signiscant potential for reliable anéhatally valuable brain tumor segmentation.

KEYWORDS:¢D MRI; artiecial intelligence; deep learning; Al in healthcaagtention mechanism; U-Net; medical
image analysis; brain tumor segmentation; BraTS 0yoO; Byays o

O Introduction

Tumors in the brain result from uncontrolled cellular growth, igh can interfere with neural processes
and harm adjacent healthy tissues. Because the brain is ed$famegulating bodily activities, such growths
can greatly aSect its functioning, making them some of the tro#ical health threats to individuals.
e incidence of malignant brain tumors is currently high, impagtg both individuals and society as
a whole []. e most common type of brain tumor is glioma, which occurs in the hin and exhibits
varying degrees of aggressiveness. Gliomas can presbkrdi®atent symptoms and aSect diSerent brain
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sub-regions. ese sub-regions can be categorized into perioral edema, necrotic core, and enhancing
and non-enhancing tumors]. Magnetic Resonance Imaging (MRI) sequences are highly behesaike
assessing gliomas as they provide complementary informdtip Radiologists choose MRI scans for
diagnosing and assessing brain tumors. Complementary MRI tit@daare TO-weighted (TO), contrast-
enhanced TO-weighted (TOCE), To-weighted (To) and Fluinbiatisd Inversion Recovery (FLAIR). ese
scans are acquired based on the repetition and excitation dunstallowing their use alongside additional
information to identify diSerent tumor subregions4ta].

Identifying brain tumor sub-regions manually using MRI dataaissubjective process that is time-
consuming and prone to errors. Radiologists may face challedigéaguishing brain cell nuclei from
the MRI image background, adding complexity to the medical iptetation [J. e complex shapes
and positions of brain tumors in multimodal images pose segta@on challenges in MRI scans, which
makes tumor identiecation in brain MRI images challenging. Hover, accurate tumor segmentation
and delineation are essential for diagnosing and charedtey brain tumors [} Accurate segmentation
enables the extraction of qualitative and quantitativeaglalistinguishing between benign and malignant
tumors. is information aids in tailoring optimal therapies ér patients and assists healthcare providers in
devising more eSective treatment strategies. Simplifiimage analysis and segmentation facilitates e>cient
tumor identiscation.

Given the complexity of tumor segmentation in MRI images, humsralgorithms and techniques,
ranging from manual to fully automated approaches, havenb@eveloped to address this challenge.
Automated segmentation of gliomas from multimodal MRI scama® @ssist in surgical planning and
diagnosis for clinicians. Furthermore, it provides a releafihd consistent method for future tumor research
and monitoring [A]. Computer-Aided Detection (CAD) systems, particularly#e using deep learning and
Convolutional Neural Networks (CNNs), have shown strongepiital in brain tumor identiecation from
MRI scans QY. Studies have demonstrated that Al systems can surpass hunmorrpance in various
medical imaging tasks, including segmentation and diagnpgi)CAD systems oSer numerous benests,
including improving radiologists' subjective judgment anctalerating the screening process. As in other
medical imaging «elds, machine learning and Artiecial Inigence (Al) play signiscant roles in CAD
systems for brain tumor classiecation and identiscation. \@@us CAD methods have been proposed for
diagnosing and categorizing brain tumors. Several CAD apgines have been presented in the literature for
diagnosing and categorizing brain tumors.

e emerging deep learning techniques can address traditibmachine learning methods' limitations
[O] e capacity for self-learning may help create new imagingafares that are benescial for statistical
brain MRI analysis. Numerous research studies have concentratatiliaing CNNs for delineating brain
tumors. Deep Convolutional Neural Networks (DCNNs) have movo be capable of performing tasks
such as segmenting brain tumors in both real-world and clihicaage datasets(Jj: U-Net [O¥ and
Fully Convolutional Networks (FCN)(P] stand out as the most commonly employed DL-based methods
for medical image segmentation. Among them, U-Net has prowebe the most eSective in terms of
performance. While U-Nets have demonstrated accuracy comfsi@human performance in segmenting
oD images, their application to volumetric medical imageguiees treating ¢D images as multiple 0D
slices. is approach obstructs the capture of connections betwagjacent slices. Consequently, several
subsequent studies encourage volumetric extensions of the tbldehieve sner localization. e creator of
the U-Net has proposed a practical solution to the volumetggmentation challenge, known as ¢D-U-Net
[OF which replaces the U-Net's 0D convolutions with their ¢cD coentarts.

Various advanced eltering methods have been utilized to &sttimeaningful image representations.
Among them, deformable sltersdpimprove the model's capability to handle geometric trameiations
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by adapting their shape to the input features. However, tlisilility comes at the cost of increased model
complexity and higher computational demands during trainidqother notable approach involves the
application of rotating elters. For instance, Zhou et @l Jproposed actively rotating elters that dynamically
rotate during convolution, enabling the generation of feataraps that explicitly encode spatial position
and orientation. Despite their innovation, these elterganore eSective when applied to small and relatively
simple slter conegurations.

In computer vision and image processing, the Gabor «ltef{s one of the most renowned texture anal-
ysis and feature extraction mechanisms. A recent stughshowed that the meaningful features extracted by
the Gabor elter enhances the accuracy of the model and also hetjuiate learned representations, thereby
expanding the network’s interpretability.

Many researchers have adapted attention mechanisrjsipitially developed in natural language
processing (NLP), for machine vision tasks. is integrationnas to enhance the capability of CNNs in
the analysis of images, particularly for precision-demagdasks such as segmenting brain tumor. In the
complex task of predicting ¢D medical image segmentatias,assential to consider both local and global
features. Hatamizadeh et ab.] introduced the U-NET Transformer (UNETR), an innovative aitetture
that employed Transformers as encoders to learn sequenpissentations from input volumes. is design
e>ciently extracted global multiscale information while éorporating an eSective 2U-shaped® encoding
and decoder system. SwinBT&][ was a novel approach that combined transformers, CNN, and an
encoder-decoder architecture for ¢cD medical image segmentati

In dense prediction tasks like segmentation, capturinglland global information is highly signiecant.
However, splitting images into patches overlooks localdtires. is limitation is particularly signiecant
in medical volumetric data, such as ¢D MRI scans, where modaticg features across continuous slices
(the depth dimension) is essential for accurate segmentdtich erefore, an es>cient model that can
capture local and global features without overlooking theisaant details in volumetric segmentation is
indispensable. Traditional image segmentation approacre restricted by their ability to detect highly
precise objects.

As neural networks deepen, the vanishing gradient problemanodfrises during training, where the
gradient norms in early layers diminish toward zero. In contamal U-Net architectures, down-sampling
operations tend to suppress low-level features essentiadturate segmentation in favor of high-level
semantic information. Consequently, important local andjpional details are progressively lost in deeper
layers due to successive convolutional and non-linear opemtidfthough incorporating residual layers
in the encoder helps mitigate the vanishing gradient issue bylemwagradient zow through shortcut
connections, this strategy alone is not suscient to achievempl segmentation performance. e network
must dynamically emphasize the most important features aad&sent channels enhancing the model's
generalization ability. is is where the Squeeze-and-Exdibat (SE) mechanism becomes essential. By
recalibrating channel-wise feature responses, the SE misohanhances the network's ability to emphasize
signiecant features and suppress less important ones. is ptiee feature prioritization helps retain crucial
spatial and contextual information, leading to more accuraigrsentation results.

Incorporating the SE mechanism with Residual networks minaaithe vanishing gradient problem
and improves the network's capacity to generalize betteobyding on the most relevant features. is dual
approach ensures that low-level and high-level featuressatigely utilized, enhancing the model's overall
performance in brain tumor segmentation tasks.

Although prior studies have individually explored residuahnections, attention mechanisms, or
texture-based eltering in medical imaging, no previous stus combined a ResNet-based encoder, SE
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attention mechanisms with skip connections, and Gabor stigrinto a unieed ¢D U-Net framework for
brain tumor segmentation. is architecture is speciscally degied address the complexity of tumor subre-

gions delineation in ¢D MRI, and our experimental results on BraTS datasets conerm its eSectiveness
over conventional methods.

is novel study emphasizes the importance of addressing theigaing gradient problem and the need
for adaptive feature prioritization through integrating Réisal Networks and SE attention mechanisms,
ensuring enhanced generalization and improved accuracy imbktanor segmentation. To address the
limitations of current segmentation approaches, we propasaval architecture named dSEAT-UNet, which
integrates deep residual encoding, SE Attention, and a ¢Dtidsed decoder for eSective brain tumor
segmentation in multimodal MRI scans.

To achieve accurate and e>cient brain tumor segmentation, weehimplemented the following steps,
which represent signiecant contributions to this study,

Conventional spectral techniques are integrated into thdtrmodal segmentation model to incorporate
the feature maps by utilizing a *xed and optimized Gabor «ltemhitigate the complexity of segmenting
complex tumor shapes.

A Hybrid ¢D model is designed based on the residual encoddrdsNet decoder. e residual encoder
eSectively addresses the issue of vanishing gradientscBkipections are employed to accelerate the
training process.

A Squeeze-and-Excitation based attention mechanism isghtced in the skip connections making the
model automatically focus solely on signiecant features cidfoigbrain tumor segmentation.

To address the class imbalance problem in brain tumor imagesncorporate a combined dice loss and
focal loss in the total loss function.

An in-depth comparison of the developed and evaluated hylgid model is presented for Whole
Tumor (WT), Tumor Core (TC), and Enhancing Tumor (ET) with the steof-the-art brain tumor
segmentation methods to highlight the model's signiscgnithproved performance.

0 Related Work

is section contains related work that emphasizes the apptioa of implementing CNN architectures
in brain tumor segmentation and integrating the attentionchanisms in deep neural networks. e related
work for both areas is separately presented in the follovsiggtions.

0.0 CNN Architectures in Brain Tumor Segmentation

In recent years, automated segmentation of brain tumors fromitimodal MRI scans has gained
signiecant attention within the healthcare imaging sect@rious advanced Al models have been proposed
to mitigate the complexities regarding segmentation of braindusnOne such approach, proposed by Raza
etal. p ], introduced the dResU-Net model for ¢D brain tumor segmerdati e dResU-Net architecture
is based on the U-Net framework, enhanced with residual cotoes to improve segmentation accuracy.
By leveraging multimodal MRI data, including TO, TOCE, To, bAtRimages, the model aims to provide
robust brain tumor segmentation results. Incorporating desil connections enables e>cient information
Zow and gradient propagation, facilitating the segmentatiécomplex brain tumor structures. While the
dResU-Net architecture signiecantly advances brain tumonsegtation, ongoing research further explores

novel deep-learning approaches and data augmentation igobsa to improve segmentation accuracy
and robustness.
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Wang et al. ] introduced the TransBTS architecture, which eSectivelygmétes a transformer into a
three-dimensional convolutional neural network structuredand an encoding-decoding pipeline. Initially,
a ¢D convolutional backbone is employed to capture detailedlléeatures and spatial representations. A
transformer is fed with these extracted features extradigléeatures. Subsequently, the decoder module
combines these local and global features during upsamplingnemgte segmentation results. e experi-
ments were conducted using the BraTS 0yOA and oyoy dataseiasttating comparable performance.

Chen et al. P proposed a separable ¢D U-Net architecture to overcome thiedtions of traditional
0D CNNs, which oYen fail to fully capture the spatial contextvofumetric data. To reduce memory
consumption while preserving spatial information, their neddeplaces standard ¢D convolutions with a
sequence of two layers: a 0D convolution for extracting spitélres and a OD convolution for capturing
temporal dependencies. is approach e>ciently processes ¢D ioragolumes by decomposing convolutions
into three separate branches. Additionally, separablgteai convolutions were integrated into a residual
inception framework. e model was independently trained orxel, sagittal, and coronal views, with the
outputs from each orientation combined using a multi-viewsifon strategy to boost performance. e
eSectiveness of this design was demonstrated through stresiglts on the BraTS o0yO— test dataset. In
segmentation tasks, capturing both local and global feaigressential for accurate predictions. However,
as the network depth increases, the gradients associatedomittevel features such as edges, boundaries,
and ene textures tend to vanish, reducing their inzuence duringrinag. Maji et al. p-}-presented a
ResUNet model that incorporates attention mechanisms aidegsdecoder guided by auxiliary features for
brain tumor segmentation. is model guided the learning processemch decoder layer. Benesting from
attention mechanisms, the model focused on signiecantuiess rather than including all features, thereby
reducing the introduction of noisy features into the decoder fegmentation mapping. e proposed model
outperformed the other methods when evaluated on the Brgk®2odataset.

0.0 Integrating Attention Mechanism in CNN Architectures

Researchers suggest that integrating the attention mesheinto CNNs could enhance the expression
of local features and improve regions' segmentation perforce. Similarly, some features are more impor-
tant than others for accurate segmentation. erefore, atter mechanisms have become valuable tools
for highlighting the essential features while minimizing thepiact of less important ones. Attention mech-
anisms have also demonstrated strong potential in broa@eisibn-making applications beyond medical
imaging. Kia p/] applied attention-guided deep learning to multi-criteriagigion analysis, highlighting the
eSectiveness of attention modules in directing computagildiocus toward the most relevant information.

is cross-domain success further supports the growing adoption aifention-based strategies in brain
tumor segmentation tasks.

Zhang et al. §y] proposed the AResU-Net, a model designed to perform voluimddrain tumor
segmentation. eir approach incorporated attention mechisms and residual units into up and down-
sampling layers. e enhancement was intended to strengtheodbfeature responsiveness in the process
of down-sampling to improve feature restoration while incsgy the resolution. Given the constraints in
computational power, the evaluations were conducted usingm@yes from two datasets i.e., BraTS oyOb
and oyO—. Cao et@piptroduced a novel architecture named MBANet, which incorpesaa multi-branch
attention mechanism into ¢D CNNSs. Building upon this apprbathis study emphasizes the importance
of integrating attention mechanisms into brain tumor segrtaion networks. is integration aims to
minimize the focus on irrelevant data while enhancing the pree@ientiecation of brain tumor regions.
Akbar et al. £q] presented the modieed U-Net method by integrating attemtibased skip connections.
Additionally, they developed the Multi-path Residual Aiten Block (MRAB), which combines two deeply
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convolutional sequences linked with an attention block andsédal path. Zhang et alof introduced an
innovative brain tumor segmentation method that addreskesSect of using an attention mechanism. By
leveraging the attention mechanism into U-Net, segmentatiecomes more robust, enhances local feature
expression, and improves medical image segmentation peaiace. Liu et al.dc] presented a lightweight
¢D method integrating an attention mechanism. is feature enlals the network to autonomously concen-
trate on the tumor region, thereby strengthening the correlatbetween the whole tumor and tumor core,
resulting in improved segmentation accuracy. Li et@¥] developed an intelligent method for brain tumor
identiecation and classiscation from MRI data. eir approachincludes a preprocessing step to remove
image background and identify brain tissue, followed by a heggmentation technique based on parallel
CNNs to classify tumor types. Yuan et al.Jimplemented channel attention as an SE network to imprdnee t
e>ciency of the TOT-VIT backbone to implement a transformbased application for image classiscation.

¢ Methodology

is section presents details on the dataset used in the stuthg preprocessing strategies applied, and
the architectural design of the proposed model.

¢.O Brain Tumor Dataset

In this study, we used a benchmark dataset, i.e., BraTS (Buaior Segmentation) oyoy:ftc-}; for
training and testing the designed model. is multimodal Bra 0yoy dataset contains four channels (TO,
TOCE, To, and To-FLAIR). Various image modalities and segsi@ne@ised in MRI scans for diagnosing
brain tumors, including TO, TOCE, To, and FLAIR. TO predoryirevgtluates healthy tissues, while To
highlights tumor regions. TO images are obtained throughtahgir axial 0D acquisitions with slice
thicknesses ranging from O to & mm. TOCE, and TO images acqui2@equisitions featuring a voxel size
of O mm isotropic. To images acquired through axial 0D acquisitiitis slice thicknesses varying from o
to & mm. FLAIR contains To-weighted FLAIR images acquired in ag@bnal, or sagittal 0D acquisitions,
with slice thicknesses ranging from 6 to & mm. However, TOCE asig#s tumor borders. FLAIR scans
assist in distinguishing edema from Cerebrospinal Fluid (JSK¥J]. e mask contained four labels: i.e.,
Background, Edema (ED), Enhancing Tumor (ET) and Non-Enhangingor (NET). BraTS 0y0y dataset
sample images are displayed-in). O

Image T1

Image TICE Image T2

Image FLAIR

50 50

100 100
150 150

200 200

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

Figure O:Multimodal dataset samples shown here are provided in tl Broyoy benchmark for four modalities, i.e.,
TO, TOCE, T0, and FLAIR (in actual dimensions)
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¢.0 Dataset Preprocessing

Segmenting brain tumors in MRI is a di>cult task due to the brainemplex structure, diSerent types
of tissues, and varying image quality. Even though deep legmidels can handle some noise, proper data
preprocessing is still essential to enhance segmentationance performed data preprocessing on the
original BraT$S 0ydy dataset to make it suitable for the moddbllowing sections provide an explanation
of these steps.

e BraTS 0yoy dataset contains ¢aA images with a 0%¥y O resolution. e original dimensions
of the BraTSoyoy dataset are 0¥p¥y O . Brain tumor sample images for all modalities and respect
ground truth are presented iRig. & In our analysis, we resized the images to O&ay Oo6—. While some
studies have resized the images to 0866—00—, we observed that this resolution did not cover the entire
tumor in some cases. erefore, we chose Oapay Oo— to ensure better coverage of the tumor regions,
improving our segmentation results' accuracy, reliabilibd analysis.

Image T1 Image T1CE Image T2 Image FLAIR Mask

0

50 50 50

100

100 100

150 150

Figure 6: Samples of multimodal MRI BraTS 0yoy images with segmentatiask (ground truth)

As shown inFig. (there are extra pixels that should be resized to avoid coatjmutal overload. Finally,
the dataset is resized to Oapay Oo6— pixels, which contains the required region of intéigst:shows
the resized dataset samples with channels and masks. eskttss divided into b % for training, O % for

validation, and Oy% for testing.

Tmage T1 Image TICE Image T2 Image FLAIR Mask

20 20

60 60

80 80

100 100

120 120

140 140

0

0 50 100 150 0 150

Figure ¢: Resized BraTS 0ydy sample MRI images with mask (ground truth)

We employed a min-max scaler, also called normalization,rdeghas one of the simplest scaling
techniques. Improper feature scaling can lead the model ®tgio much importance to features with larger
numerical values, such as the second feature in this case. Tahigidormalization is applied to transform
the data into a standard range between y and@ fs process adjusts each minimum and maximum
feature value, standardizing the distribution and prevegtitale-related bias during training.

is normalization ensures fair comparisons between images aglables each pixel to contribute
proportionally to the overall image, a critical step emphasdi in recent segmentation frameworks that
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combine preprocessing with optimized model pipelin&s][ Image normalization is also performed to
adjust the scaled pixel values to have mean and standardidemialues of y and O. Mean values is subtracted
from scaled value, the result is divided by standard devidti@]. Normalization can be computed using the
following Eq. (Q)

©)

Znorm

wherez,orm is the calculated normalized value for each image patghis the scaled image value obtained
from the erst step of min-max scalingzand. are the mean and standard deviation of the scaled pixel values

e BraTS oyoy dataset contains four main tumor classes with Isbee, Background (Label y), NET
(Label O), ED (Label 0), and ET (Label ¥). Label ¢ is missirgfohe, for better data handling, label four is
reorganized as label ¢, asble (presents.

Table O:nformation related to tumor classes with labels (before alf@r re-arrangement)

Actual Re-arranged
Tumor class Label Tumor class Label
Background y Background y
Necrosis/Non enhancing tumor (NET) o Necréisdisn enhancing tumor (NET) o
Edema (ED) o] Edema (ED) 0
Enhancing tumor (ET) ¥ Enhancing tumor (ET) c

¢.¢ Gabor Filter

In computer vision, diSerent ways of image eltering are usedstmw specisc features in images. One
such method is the Gabor «lter, made from wave patterns witkedént frequencies and directions. ese
elters help capture details in images. eir functions can be glained using mathematical equationri&].

e mathematical formulation of the Gabor elter, including is equation, variable de<nitions, and parameter
design considerations, is detailed in Appendix A.

Before application, the elter parameters, wavelength (‘fieotation (1), phase oSset,(), standard
deviation ( ), and aspectratio (), were empirically optimized. e selected value ranges andittfunctional
roles are summarized ifable AQAppendix A).

For ¢D brain tumor segmentation, we implemented a volumetrabGr «lter with a kernel size of (¢, ¢,
¢). Sample slices of this ¢D Gabor lter acrossxthg andz axes are illustrated iRig. ¥ showing how varying
parameter combinations aSect texture response. ese areaged ina ¢ grid to visually demonstrate
the diversity and directional sensitivity of the lter dgsi.
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[Gabor Filter Banks [Generated Samples
Slice 1 Slice 2 Slice’3 Slice 4 Slice s

sample Input Image

Figure ¥: Anillustration of when Gabor Iter banks were applied to argae input image and generated eltered sample
images. AYer experimenting with diSerent parameter valtlesmost suitable parameters are selected as optimization
parameters

Gabor elters are widely acknowledged for their ability toemify spatial and frequency domain
characteristics, making them a preferred tool in numerousgratanalysis tasks.

Fig. illustratesthe architecture of the system. e architecture giays the main modules of the system.
In the erst stage, the brain tumor dataset is preprocessed thigdmormalization method, min-max scaling,
and dimensionality reduction following this, Gabor elter epations are applied to enhance spatial frequency
features and improve texture representation in the MRI images.enhanced images are then used to train
the hybrid ¢cD model aYer tuning the appropriate hyperparamet€inally, the trained model is tested on
unseen MRI images, and the segmented brain tumor regions areipeatin the output stage.

Brain Tumor Dataset

Hybrid Segmentation Model Segmentation
Model Training Model Testing

Epochs %

Batch Size X Background

Leamning Rate i bt Edema

Loss Function Necrosis & Non Enhancing Tumor

Figure : An overview of the system architecture: dataset preprocessimgementation of Gabor slters, model
integration, and illustration of tumor segmentation with tuunclasses

3D Brain Tumor

atasel

(T1, T1-CE, T2, FLAIR)|

Dim: 240 x 240 x 155
o 2

¢.¥ Model Architecture

e proposed dSEAT-UNet architecture for ¢D brain tumor segmgation combines elements of a ¢D
ResNet encoder and a ¢D U-Net decodel]It resembles a typical U-Net with encoder and decoder sestion
interconnected through skip connections that incorporate SEnditon. e model inputs a ¥-channel ¢D
MRI scan, where each channel represents a diserent MRl modaiidy: To, TOCE, and FLAIR. is image
has dimensions of 0ayOay Oo— voxels. ResNet-based encoder extracts features fromltifisodal
data, reducing spatial resolution (Oa@ay Oo— to O&®a —) while increasing feature map depth.

Residual connections and SE attention within the encoder tieasure learning and focus on infor-
mative channels. e complete model design is displayed-imy. & e U-Net decoder utilizes transposed
convolutions to expand feature maps (0®a — to Oay Oay Oo0—) and incorporates skip connections
for detailed segmentation. SE attention resnes feature nitapsughout the network, aiding in essential
area classiecation.
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Segmented Output  Tumor classes

; 4

} ; 4x126x128x64 axtzaxtze

S ® 7
150 160x128x4 | - ‘
3D Mulitmodal MRI Input 8x128x128x64 o
e J

3 /
‘} 16x64x64x32 16x64x64x32 '

Ast

e " | "
k}‘ 32x32x32x16 32x32x32x16 “ J

Figure &: e proposed architecture of dASEAT-UNet

e *nal output is a segmented image classifying each voxelimne of four tumor classes:

Background

Necrosis/Non-enhancing tumor (NET)
Edema (ED)

Enhancing tumor (ET)

is hybrid approach leverages residual connections, SE dtitem, and skip connections for improved
brain tumor segmentation.

¢.¥.0 ¢D ResNet Encoder and Feature Learning

In the ¢cD ResNet Encoder, we begin with a ¢D convolutional laggrocess the input data, utilizing
Oa -lters and a kernel size of (¢, ¢, ¢). is initial layer extts basic features from the input volume. e
encoder consists of multiple residual stages, each contaiesigual blocks for feature extraction. In each
stage, the number of elters is doubled to capture increasingippmlex features. e residual blocks play
a key role in hierarchical representations learning of thigut data. Each block is composed of two ¢D
convolutional layers, each followed by a ReLU activationtion¢and then batch normalization. To improve
computational e>ciency, ¢D max pooling with a kernel size of () 0) is applied aYer each residual stage,
reducing the spatial dimensions of the feature maps.

e feature learning part involves reducing the input data sizeing residual (ResNet) blocks. ese
blocks use a shortcut connection, which adds the originalitrtp the output aYer passing through some
layers. is shortcut helps improve training speed and accurasjthout adding more parameters. As
mentioned above, each ResNet block in the encoder has two kwiovolayers: activation function and
batch normalization. Our design is based on four feature legymhodules before feeding the features to
the bottleneck module, as shownlitig. & e operation of residual block [0¥¥ can be expressed in the
following Eqg. (0)

y FX,"We x (0)

wherex andy are input and output vector, and functidh™x,~ Wjee is the mapping function for the residual
path. e resultant dimensions of both inputx and functionF"x,” W;ee should be the same. e shortcut
method in the residual block helps avoid the problem of gead$ vanishing and speeds up the network's
learning. It e>ciently combines detailed local features wittbbder global features. e structure of the
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residual block is shown ifrig. & is block includes convolution operations (¢ ¢ ¢) followed by batch
normalization and ReLu activation function. e shortcut conection and element-wise addition operation
are *nally combined and computed as the output of residual kloc

Activation s Activation . Activation
unction Conv (3x3x3) = = Function Conv (3x3x3) —» —> Function Output (y)
Normalizaton

Batch :
(ReLu) (ReLu) (ReLu)

-
Normalizaton

Conv (313:3) —>

Input (x)

y=F(, (Wi} +x

F(x,(W;})

Figure b: Residual block architecture: demonstrating the module€essing the input to generate the output

C.¥.0 ¢D U-Net Decoder

e ¢D U-Net decoder, utilizes skip connections to combine lovevel features from the encoder
with high-level features from the decoder, facilitating preciscalization and segmentation. We start
the decoder with a contracting path comprising two ¢D convologblayers with ReLu activation and
max pooling, followed by dropout regularization to preventeertting. e expansive path consists of
transpose convolutional layers (ConvgDTranspose) to uppa the feature maps and recover the spatial
resolution lost during encoding. Skip connections are esthblil between the corresponding encoder and
decoder layers, allowing the model to access local and glatards. Finally, output layer is based on a
¢D convolutional layer with soYmax activation, generatimglgability maps for each of four classes, i.e.,
Background, ED, NET, ET.

¢.¥.c Attention Mechanism

We integrated the SE attention mechanism into our model. is miganism is known for its compact
design and high e>ciency and lightweight design. e SE block isists of two primary operations, i.e.,
squeeze and excitation.

As shownFig. —in the initial phase, feature maps>R™ W P € are provided as input, where H, W, D,
and C represent height, width, depth, and number of chanri&lisbal average pooling operation transforms
these features by squeezing global spatial information intdd O C format, generating channel wise
statistics. e mathematical formulation of the squeeze optoa is presented in Appendix B. is operation
reduces spatial dimensions while retaining essential cHaspeiec information.

Squeeze Excitation
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Figure —Architecture of squeeze and excitation mechanism. e global m@ge pooling performs the squeeze
operation to aggregate global information for each chanffi¢he entire image. e squeeze operation is followed by
the excitation phase, which is based on two fully connecteertagonnected with ReLU activation followed by the
activation function sigmoid before scaling
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In the excitation phase, the process begins with a fully coratbletyer that applies a reduction factor
followed by a ReLU activation. is is then followed by an addinal fully connected layer, with a sigmoid
activation to generate the excitation output. Finally, alisgaoperation integrates this resned channel
information to enhance feature selectivity.

¢. Model Integration

e hybrid model architecture eSectively integrates the stigths of both ResNet and U-Net architec-
tures, leveraging residual connections for feature extractia skip connections for accurate segmentation.
Combining these components, our model exhibits promising ¢Bitbtumor segmentation results. Addi-
tionally, we incorporated the SE mechanism, which is sigmtdar improving the performance of the
model. e SE mechanism dynamically recalibrates the featuras, allowing the model to focus on the most
informative features while suppressing less useful onesresults in improved representation learning and
better segmentation accuracy. Overall, enhanced with the SfBanesm, this hybrid architecture enables
accurate and excient brain tumors segmentation in ¢D MRI images.

e value of the dropout rate is typically specieed as a parametghen adding a dropout layer in a
neural network model. In the designed model, the dropout iaet to y.O for the contracting path (encoder)
and y.0 for the expansive path (decoder). is means that Oy%hefihput units will be randomly set to y
during training in the contracting path and 0y% in the exparespath. ese dropout rates are chosen based
on experimentation preventing overstting and improvingdlgeneralization ability of the model.

¥ Implementation

is study implements the model using the Keras library and Tesré-low 6.—.y. We designed the model
using Python and executed the computations on NVIDIA RTX ¢y8GBIEPU. For model training, Adam
optimizer is selected with a learning rate of y.yyyO. e sdies of activation function and normalization
techniques is ReLU and batch normalization, respectively.model training is performed for O y epochs.
e image dimension is Oay Oay Oo— to locate the tumor area properly. Initially, we triecato the
model on an actual dimension of 0¥yo¥y O |, but it oSers an intensive load on the GPU and halts the
execution with GPU memory overzow errors. A batch size of€@liscted to load the ¢D images properly
by considering the memory constraints of the GPU. In the encpdairopout of y.O is applied aYer the
convolution operation, while in the decoder, a dropout of ystapplied aYer each convolution operation.
is coneguration helps regularize the model and prevent overetig during training. As the decoder is
responsible for generating the *nal segmentation outptypically has more parameters and may be prone
to overetting. erefore, a higher dropout rate can help regarlize the decoder's parameters and prevent it
from etting noise in the training data too closely. Hyperpanater values are listed it

Table 0:Hyperparameter values for the proposed model

Hyperparameter Value
Image input size OayOay Oo—¥
Batch size 0
Activation function (Hidden layer) RelLu
Learning rate O Oy*
Optimizer Adam
Epochs Oy
Loss Dice Loss Focal Loss
Dropout rate (Enc.) y.0

(Continued)



Comput Model Eng Sci. 0yo ;0¥¥(0) OoyA

Table ¢ (continued)

Hyperparameter Value
Dropout rate (Dec.) y.0
Activation function (Output) SoYmax
Segmented output size Oapay Oo—¥

¥.0 Combined Loss Function

Choosing the suitable loss function is highly important foregelearning models, especially when
working on brain tumor segmentation. Latest research sugdkat there is not a universal loss function that
always works great for all segmentation tasks. Deep leamadgl's performance also depends on selecting
a suitable loss functior¥{] ]. Combined loss functions, integrating two or more types @des, have become
the most robust and eSective in various situatiows][ Combining dice and focal loss allows the model to
benest from their complementary eSects. We aim to mitigate thass imbalance by combining two loss
functions, i.e., dice loss and focal loss. Together, theyigeoa robust training objective that enables the
model to eSectively learn from both majority and minority skes, leading to better segmentation results on
imbalanced datasets like BraT:3].

UsingEq. (¢) we can calculate the dice loss for all tumor classes: BackaydiiT, ED, and ET.

0 Pmn@mbemn >
oM mna® Pmn POcmnZ >

Lgice @, be 0 (Q)

wherea and b represent predicted output and its mask, respectivalis voxel representatiort,is classn
denotes the total number of tumor classes, aiigla negligible constant value used to avoid division by zero.

A N ¢

Ltocal X, y* N QAQ AAO anc® bncloganc (¥)
n Oc O

wherea represents predicted output,is the ground truth c represents the class, ands the total number
of classeszq. () represents the combined loss used in this study.

Loss I—dice I—focal ()

wherelLyiceandL¢qc4 are dice and focal losses.

In this study, the combined loss for each class is computed asbléss by adding the dice loss and
focal loss. is loss function ensures that the model focuses be tost critical parts of the tumor during
segmentation, connecting the relevance of each tumor areathatimetwork's predictions. is helps the
model prioritize the most clinically signiecant regiongtal for getting the best segmentation results.

¥.0 Performance Evaluation

Our study used the Dice Similarity Coe>cient (DSC), sensitivigd speciscity measuring the model's
eSectiveness. DSC is the most used evaluation metric imBlamor Segmentation studies. e DSC
calculates the overlapping between the segmentation atudlaarea in the segmentation range between
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y and O. y represents no overlap, and O shows complete owxiageh the actual and predicted tumor
regionsEq. (2)can be used to calculate the DSC.

0 A9 BS

DSCAB 35 &8s

@)

whereA andB represent predicted and ground truth values.

Sensitivity measures the proportion of actual tumor areaihedrrectly predicted. Speciscity measures
the proportion of actual healthy area that is correctly prtdd as non-tumor. Both sensitivity and speciscity
can be calculated usiriggs. (Pand(—)

TP
vt b
Sensitivity 5 EN (P)
TN
fic .
Specificity IN EP (—)

where the termsTP, TN, FP, and FN represent true positive, true negative, false positive, afs® fa
negative, respectivelyig. Ashows separate tumor classes and areas for better undersgamdén analyzing
segmentation results.

Segmentation

Brain Image

— S
e - -

3 Necrosis (NCR) & Non

Enhancing Tumor (NET) Enhancing Tumor (ET) Edema (ED)
.
R
>
Whole Tumor (WT) Tumor Core (TC) Enhancing Tumor (ET)
{NCR & NET + ET + ED} {NCR & NET + ET}

Figure A: Brain tumor segmentation method depicting the tumor clas®8R/NET, ET, ED) and tumor regions (WT,
TC, ET). For better analyses and understanding of segmenteggults, Tumor classes are separately displayed
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Experiments and Results

dSEAT-UNet was trained, validated, and tested on the berckrBraTS oyoy MRI dataset with a
separation weightage of b %, O %, and Oy% for training, tiatidand testing, respectively. While testing
the model performance on random test dataset samples, wewaakthat ASEAT-UNet accurately generated
the ¢D segmentation volumes with tumor classes. Predictienlte show the model's generalization ability.
Results analysis for three tumor classes, i.e., WT, TC, arshgil, high similarity between ground truth and
predictions. As shown i vtumor classes and regions are separately displayed fotes betlerstanding
of the segmentation results, highlighting the WT, TC, andtkmor regions.

To optimize the performance of our proposed model, we conductepigoal hyperparameter tuning
using a combination of grid search and validation-basedcsiele. e learning rate was varied across a
range from O Oy to O Oy® and the optimal value of O Oy* was selected based on validation dice
scores. Dropout rates were tested in the range of y.y to yity w and y.0 providing the best balance
between regularization and model capacity. e Adam optimizeas/chosen due to its stable convergence
behavior, and the ReLU activation function was selected ed@paring it with GELU and LeakyRelLU, as
it provided slightly better performance and training stéyil ese hyperparameters were validated on a
subset of the BraTS 0yoy dataset to ensure generalizatiostabdity before full-scale training. Training
stability was monitored across epochs using validation ém&kdice score to ensure smooth convergence
and prevent overstting.

e performance metrics, including dice score, speciscity, and séivdty, are computed and presented
in : displays the training and validation losses for each epamh(fy epochs, providing
insight into the model's learning progress and performame¢he initial stages, both training and validation
losses decrease sharply, indicating eSective learningtandhility of model to identify data patterns. As
training progresses, loss continues to decrease consistredibgting the model's ability to reduce error on
the training data. Although the validation loss experiena@ae Zuctuations, it generally trends downward,
suggesting that the model is enhancing its ability to gereedb unseen data. e overall trend in validation
loss highlights the ability of model to adapt and learn reletvdata features, even though it faces typical
challenges such as minor overstting. e consistent decline iratning loss and the ultimate stabilization
of validation loss reZects the model's robustness and e>ciein handling the training process over a
long period.

Table ¢: dSEAT-UNet dice score, speciscity, and sensitivity for WT, T@] &T

DSC Speciecity Sensitivity
WT TC ET WT TC ET WT TC ET
dSEAT-UNet y—O y.—¥a y.—OA y.AAa yAAO yA—b yMab yAb— vy

Method

presents a box plot displaying three tumor regions dice scarels as WT in blue, TC in green,
and ET in purple. e box indicates the interquartile range, i the median value marked by the red line
inside the box. e whiskers reach the minimum and maximum valuegthin O. times the interquartile
range, and outliers are shown as separate dots. e plot shtvet WT has the highest median dice score,
followed by TC and ET, indicating better segmentation perfance for WT than the other regions. e
presence of outliers suggests variability in segmentatiomracyg across diSerent samples.
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Figure OCBox plot for the dSEAT-UNet dice score corresponding to WT, T ET

.O Importance of Suitable Data Preprocessing Technique

It is highly signiecant to highlight the importance of a suitiddata preprocessing technique. One of the
major factors other than designing a reliable and robusipdearning architecture is choosing a suitable data
preprocessing technique. As mentioneddaction ¢c.@bout Gabor slter optimization, we observed notable
improvement in the segmentation performance of the model. gerformance of the proposed model is
observed on both datasets, i.e., regular BraTS oyoy an@edteraTS oyoy datasets. As showriirle ¥ it
is evident that aYer selecting a suitable data preprocessihgigue, the segmentation performance of the
proposed model improved in segmenting all three tumor areas,WT, TC, and ET.

Table ¥:Choosing a suitable data preprocessing technique

Coneguration WT TC ET Preprocessing techniques

Proposed model without Gabor y.— & y.—0bP y.pPAA  Few preprocessing operations
sltered data were used.

(Continued)
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Table ¥ (continued)
Coneguration WT TC ET Preprocessing techniques
Proposed model with Gabor y—0 y.—¥a y.—OA Gabor «lter with multiple
o|tered data techniques, as discussed in the

preprocessing section.

.0 Comparison with State-of-the-Art Methods

We compared our dSEAT-UNet model with state-of-the-art math@n the BraTS oyoy dataset and
presented an in-depth quantitative results analysis. L atealso cross-verieed the performance of our model
on BraTS oyoO dataset samples. e following sections corttaénproposed model's evaluation on both
datasets, i.e., BraTS oyoy and BraTS 0yoO.

.0.0 Comparison with State-of-the-Art-Methods on thE B0y Dataset

Segmenting brain tumors accurately is a complex task, partiguier regions like tumor core and
enhancing tumor. Segmenting these smaller regions preselditiamal di>culties. To assess the per-
formance of the proposed model, dSEAT-UNet, was compared beéthchmark methods on BraT Soyoy
benchmark dataset. Our comparison is based on publishedsdsoin these methods, which we referenced
for a comprehensive analysis and comparison with our study. Ourehodtperformed most previously
published studies, in terms of TC and ET segmentation perorog, as shown inable . e highest DSC
values for each tumor class are highlighted in béld,. Opresents the segmentation results of the model
on the BraTS 0yoy dataset. e precision of any deep learningdabcompletely lies in how precisely it
segments the tumor regions, as it is signiecant in medicadtimgent. e segmentation results shown by our
model for each tumor region show the accurate de<nition of bounels, especially in the case of tumor core
and enhancing tumor. Our model's precision in detecting and sexgiing tumor regions shows the model's
eSectiveness and o3ers competitive performance comparedaatite-of-the-art methods. Quantitative
analysis fromTable shows that the study presented by Wang etéad] §hows the highest dice score of y.Ayy
in segmenting whole tumor, exceeding our score of y.——O. Houravwedel achieved 0.A% (TC) and 60.A%
(ET) gains over Wang et al's studyd]. Without using any postprocessing technique, our model suspas
all other studies regarding TC and ET with values of y.—¥a aQuly respectively. Our model has ¢y.a¢c M
parameters. Our model has fewer parameters than the stateeedrt and the model by Wang et ab{],
which has ¢0.AA M parameters. ere are OA.ya M parametetsdiaseline ¢D U-Net]}; and Raza et al's
model [0¥] has ¢y.¥P M parameters. Even though our model has ¢y.a¢ M peteas) our model has shown
improved performance and obtained DSC of y.——O for WT,gr. F&aaihd y.—OA for ET.

Table : Comparison with state-of-the-art methods on the BraTS ogataset

Comparison study Model Image size WT TC ET Dataset
i Yeketal. D} ¢D UNet 00—00—00— y—¥O y.bAy ya—b  BralSoyoy
Ballestar -} ¢D CNN a¥ a¥ a¥ y.—¥a y.po y.800 BraTS oyoy
Wang et al. p] TransBTS 00-00—00— yAyy y.—Ob y.b—p  BraTS oyoy
Messaoudi et al. ES.Net-¢cD OAd Oay Oy— vy—vya ybo  y.aA BraTS oyoy
[¥A] UNet
Wang et al. [/ ] ¢D UNet 00—00—00— y—0 yPA— ybb—  BraTSoyOA

(Continued)
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Table (continued)
Comparison study Model Image size WT TC ET Dataset
Zhang et al. §¥] Att.gate- 060—00—00— y.—by y.ppP  y.byA  BraTSoyOA
ResUnet
Razaetal.d ] dResU-NET  00—00—00— y—aa y.—¢ y.—yy  BraTS oyoy
Colman et al. [(] DR-UNet O¥y O¥y y—ap  y.pPA— ybpO  BraTSoyoy
Tang etal. ] MultiResUNet y Aa a¥ y—A0  y.b—A  y.byc  BraTS oyoy
Jiang et al.4q SwinBTS o¥y o¥y O y.—Ay y.—Yy¢ y.PPO BraTS oyoy
Abd-Ellah etal.  TPCUAR-Net 0o—00— y—by y.—cy y.pay BraTSoyOp
[¢]
Ren etal. [¢] Optimized¢D 0¥y o¥y O y.ab y.poO y.pO BraTS oyoc
UNet
Proposed dSEAT-UNet  Oapay 00— y—@—¥a  y.—OA BraTS oyoy

Note: e highest DSC values for each tumor class are highlighie bold.
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Figure OoQualitative visualization of model segmentation resulteew randomly selecting four test sample images
from the dataset. Prediction shows separate illustratafrsegmentations for WT, TC, and ET
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.0.0 Model Cross-Validation on BraTS 0yoO Dataset

We also evaluated our model on the BraTS 0yoO dataset to atimyzerformance. e BraTS oyoO
dataset is also pre-processed as BraT Soyoy to make it sd@abdsting. An unbiased performance of the
model can be measured by testing the model on another datagetjur model also showed competitive
results on unseen test samples from BraTS oy&sample preprocessed images of the BraTS oyoO dataset
are shown in~ig. OcWe observed enhanced generalization ability and promiséisglts of our model, as
shown inFig. O¥and quantitative results ifiable 2 is highlights the eSectiveness and robustness of our
model, which outperformed other state-of-the-art studigthwDSC values of y.— & for TC and y.—0¥ for

ET, respectively.

Image T1 Image TICE Image FLAIR Mask

N

Figure O¢:Resized BraTS oyoO sample MRI images with mask (ground truth)

Prediction

-

Test Image Ground Truth Whole Tumor (WT) Tumor Core (TC) Enhancing Tumor (ET)\

&

Figure O¥Brain tumor segmentation results on the axial axis. Predictesults show separate tumor regions for WT,
TC,and ET
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Table &: Cross-validation of the model on the BraTS oyoO dataset

Dice Score Speciecity Sensitivity
WT TC ET WT TC ET WT TC ET
Model cross-validation (ASEAT-UNet) y.—bP y.—a y—&¥ WwAA— y.AAy y.AAO y.A—¥ y.APO

Model

.¢ Ablation Study
e dSEAT-UNet outperforms state-of-the-art methods in tlcewrate segmentation of WT, TC, and

ET brain tumor regions. An ablation study is also conducted tahlight the importance of a combined
network with residual blocks and SE mechanisms in skip cotioes. is network is compared with
residual network-based encoder network and baseline ¢D artwwvhich do not contain squeeze and
excitation mechanisms. e dSEAT-UNet has shown the highest performance compared tahhmethods.

e dice scores, speciscity, and sensitivity metrics values foritteetmethods are shown ifeble b e
dice scores are plotted, and a comparison chart for the basgling Net, proposed model without attention
mechanism, and dSEAT-UNet is presented for three tumor regjioa., WT, TC, and ET, iAig. O.

Table b: Ablation study performed on BraTS 0yo0y dataset

Method DSC Speciecity Sensitivity
WT TC ET WT TC ET WT TC ET
Baseline ¢D U-Net y—c¥ y.bAad y.bo y.APO y.Abc y—A¥ KGR0 Y.4-¥0

Proposed model (without y.—¥— y.—O¢ y.b—¥ y.Abc y.APO y.Ada y.A¥p y.Acc y.AQ¥

Attention Mechanism)
dSEAT-UNet y— O y—¥a y—OA y.AAa yAAO YA—b y.Aab y.Ab— y

WT TC ET

H Baseline ® Proposed Model without Attention Mechanism M Proposed Model

100

(<2
o

DSC (%)

<3
o
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=]
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Figure O : Comparison of dice scores on baseline ¢D U-Net, proposed meitedut attention, and dSEAT-UNet for
WT, TC, and ET
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e guantitative analysis shows that dSEAT-UNet, which incoafas the SE attention mechanism,
signiecantly outperforms both the baseline ¢cD U-Net and theoposed model without the attention
mechanism across all three tumor regionse dice score improvements for dSEAT-UNet indicate the
eSectiveness of the attention mechanism in enhancing setatien performance. Speciscally, for the WT
region, dSEAT-UNet shows a performance improvement of .Ap#ér the baseline and ¢.—A% over the
proposed model without the attention mechanism, highliglgtits superior ability to segment the entire
tumor region accurately. For the TC region, the 4.0—% improvemen the baseline and ¥.ya% over
the proposed model without the attention mechanism underssdhe attention mechanism's impact on
accurately identifying the tumor core. e most signiecant improvement is observed in the ET regioheve
dSEAT-UNet achieves an —. 0% enhancement over the basglie-a% over the proposed model without
the attention mechanism, demonstrating the attention mexsia's critical role in capturing the enhancing
tumor region, which is 0Yen more challenging to segment dugsteariability and complexity.

To further quantify the contribution of the SE attention mectism in dSEAT-UNet, we analyzed the
performance improvements by comparing the model without SErdion to the full ASEAT-UNet. is
comparison isolates the eSect of the attention mechanismegmeentation accuracy. e results show that
integrating SE attention leads to an increase in dice scorggimgdmately ¢.¢% for WT region, ¢.¢% for TC,
and ¢. % for ET region. ese improvements underscore the eSectiveness of the SE miaderdancing
feature recalibration and model sensitivity, particulgdy complex and challenging tumor subregions.

e quantitative analysis highlights the substantial perfance gains achieved by incorporating the
attention mechanismin dSEAT-UNet. ese improvements across all tumor regions demonstrate thealrit
importance of the attention mechanism in enhancing segmemtadccuracy, proving dSEAT-UNet as the
best-performing model among the three evaluated in the aiagtudy.

¥ Limitations, Risks and Computational Trade-O8s

While the proposed dSEAT-UNet demonstrates strong segatiemt accuracy on benchmark datasets,
several challenges and deployment considerations mustdresskd to ensure its real-world applicability in
clinical settings:

Computational Resource Constraints: e model architecture, integrating a deep ResNet encoder, SE
attention mechanisms, and Gabor elters, improves segntentaccuracy but increases computational
demands. Deploying such a model in clinical environmentgeigly those with limited GPU availabil-

ity can be challenging. Reducing the input volume size to 3§y O6— helped mitigate GPU memory
overzow during training, but further optimizations such as mégeauning, quantization, or knowledge
distillation could enhance deployability without signiecamérformance loss.

Latency and Real-Time Processing: e depth and complexity of dSEAT-UNet, particularly in pro-
cessing high-resolution ¢D MRI scans, may introduce latency farence. In time-sensitive clinical
workzows, this could limit the model's usability. E>cient motlgariants or hybrid encoder-decoder
designs with fewer parameters could reduce inference time \phelgerving segmentation accuracy.
Sensitivity to Variability in MRl Scans: Real-world MRI data oYen contain artifacts, inter-slice
inconsistencies, or intensity variations across devices atitkitions. ese inconsistencies can degrade
model performance, especially when segmenting small or difwsor regions. Enhanced preprocess-
ing strategies such as bias ¢eld correction and deep-learhagged denoising are essential to mitigate
these issues in deployment scenarios.

Generalization across Institutions:While the model performed well on the BraTS oyoy and 0yoO
datasets, its robustness on unseen clinical data from diveranners and acquisition protocols remains
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to be validated. Incorporating more heterogeneous trairdata and domain adaptation strategies can
help improve the model's generalization and reliability.

Addressing these challenges is critical for transitionilSEAT-UNet from a research prototype to a
practical tool for automated brain tumor segmentation imatial environments.

Segmentation Challenges Analysis

While the proposed model demonstrates strong overall parémce, several challenging cases highlight
its limitations particularly segmenting ET, more criticalggmenting NET regions, as illustrated-in

Figure O&:Segmentation challenges faced by dSEAT-UNet when segrgemgimow boundaries and small tumor
regions

NET regions are especially di>cult to segment due to their shsite, diSuse and ineltrative nature,
and low contrast against surrounding tissuesese characteristics oYen result in misclassiscation or under-
segmentation. Unlike ET regions, NETSs lack distinct intgnsformation in conventional MRI modalities,
making them di>cult to distinguish even for human experts.

e model's underperformance in these regions may also come tolimited ability to capture ne
intensity variations or its insu»cient sensitivity to weak biadaries. In some cases, these regions were
completely missed or partially segmented, which can criygaipact the overall tumor characterization.

To address these challenges, future improvements could iaclud

Reening the attention mechanisms to enhance sensitivityweak gradients and boundary regions.
Incorporating domain-specisc priors, such as anatomical coastts or tumor growth patterns.
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Applying post-processing techniques like Conditional RandFields (CRFs) or morphological opera-
tions to sharpen segmentation outputs.

Training with dedicated loss functions, e.g., boundary lossfocal loss, suitable for underrepre-
sented regions.

By including and analyzing these failure cases, we provide a realistic picture of the model's behavior
in clinical settings and identify areas where further optinti@a is needed for robust, tumor-subregion-
level segmentation.

.& Clinical Applicability and Future Integration

While dSEAT-UNet demonstrates promising results on benctindatasets, its deployment in clinical
settings presents several challenges that require futureratioin. Integration into radiology workzows
would require compatibility with clinical imaging systems s@shPACS, robust inference speed suitable for
real-time use, and output formats interpretable by clinidaEnhancing the model's explainability, through
visual interpretability tools like attention heatmaps, twturther facilitate clinician trust and adoption.

In addition, rigorous validation across diverse clinical ool and institutions is essential to ensure
generalizability. Both retrospective analyses using radéemt scans and prospective evaluation within
clinical workZows will be needed to assess model robustisaésty, and usability. ese steps, along with
adherence to regulatory guidelines (e.g., FDA, CE), will bedkéwnslating this research into a deployable
clinical solution. Future work will focus on addressing teggactical and regulatory challenges.

a Conclusion

is study proposed dSEAT-UNet, a novel ¢D brain tumor segménamodel that enhances the
conventional ¢D U-Net by integrating a deep ResNet-based darcand squeeze-and-excitation (SE)
attention mechanisms within the skip connectionse ResNet encoder improves semantic representation
while maintaining stable training, and the SE blocks adeghyi recalibrate features, leading to better gener-
alization. ese design enhancements collectively contributed to signifparformance gains, especially in
segmenting complex tumor regions across benchmarks datasets.

Additionally, the integration of Gabor elter banks into thencoder contributed to improved
texture-aware feature extraction.is enhancement enabled the model to capture low-level, toamesftion-
invariant features and mitigate texture interference, partidyl in irregular tumor boundaries. ese
contributions facilitated faster convergence during earlynirag and improved segmentation accuracy in
small and complex tumor regions.

Our experiments on the BraTS 0yoy dataset demonstrated t8&Ad-UNet obtained dice scores
of y——O for Whole tumor (WT), y.—¥a for Tumor core (TC), amd fgr—EDhancing tumor (ET),
outperforming several state-of-the-art modelse model's generalizability was further conermed on the
BraTS oyoO dataset, maintaining strong performance acsbssises.

Despite these promising results, challenges remain in aclyistgmenting small or diSuse subregions,
particularly under the presence of real-world imaging adifasuch as noise, motion blur, and inter-slice
inconsistencies. Moreover, the model's computational dermiambnsiderable, given the complexity of its
components, which limited training to a batch size of one andstaained the input volume size due to GPU
memory limitations.

To improve practical applicability, future work will explerttesting dSEAT-UNet on external clinical
datasets from local hospitals to evaluate performance undering MRI conditions, scanner types, and
artifact scenarios. is validation step is critical for understanding the modedslrworld robustness and
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clinical reliability. Furthermore, lightweight versionstbe model will be investigated using technigues such
as model pruning, quantization, and knowledge distillatiomeduce computational overhead and make the
model more suitable for deployment in resource-limited clihigavironments.

In terms of architectural innovation, future extensions wiplore deformable convolutions, boundary-
aware reesnement modules, and hybrid CNN-transformer desig ese additions aim to enhance global
context modeling and boundary localization. Further improwents in preprocessing including bias eeld
correction, deep-learning-based denoising, and advancedadgfmentation will support the model's ability
to handle diverse clinical data.

Overall, the proposed dSEAT-UNet demonstrates strongmii@kas a reliable and accurate solution
for ¢D brain tumor segmentation. Ongoing eSorts to validatelaptimize the model across diverse settings
will be crucial to its successful integration into real-world @tad workZows.
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Appendix A Gabor Filter Mathematical Formulation and Paraneters

is appendix provides the mathematical background and coneganadetails of the Gabor «lter used
in this study. e elter's core formulas are shown ifigs. (AG(Ac). Table ACdesnes the parameters and
their roles, along with the optimized values selected duringeenentation.

Table AOGabor wavelet parameters optimization. Optimized valua(s)presented for each parameter where the most
suit-able results are achieved

Parameter Description Optimized
value range

Lambda(") Wavelength of the sinusoidal factor (spatial period of ~ ~O: Gy
the cosine wave).
eta (1) Orientation of the normal to the parallel stripes of the "y, +/¥, +/0,
Gabor function (typically in radians). CH¥, +o

(Continued)
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Table AO (continued)

Parameter Description Optimized
value range

Phi(, ) Phase oSset of the sinusoidal function, controlling the Ty

symmetry of the slter.
Sigma( ) Standard deviation of the Gaussian envelope, “0,¢
determining the spatial extent of the elter.
Gamma( ) Spatial aspect ratio, specifying the ellipticity of the C)

Gabor function (i.e., the ratio between the x and y axes
of the Gaussian).

ese wavelets can be described mathematically in the folipwin. (AG(AC).

% 0,,0 .
g xy;" 1, ,., « expE XO—Oy costr+n- ¢ (AO)
Xx® xcos'le ysin“1e (A0)
y® Xxcos'1le ycos le (Ac)

Appendix B Squeeze and Excitation (SE) Attention Formulatin

is appendix details the squeeze phase of the SE attentioremisai Table Acdescribes the symbols
used and formula is provided iaq. (A¥)

Table A0: Variable deenitions for the squeeze operation in the SE aitermechanism

Symbol Description
S Output of the squeeze operation for chanael
Fsq Squeeze function that aggregates spatial information
Uc Feature map value for channel

i,j,k Indices over height (H), width (W), and depth (D) dimensions
H Height of the input feature map
W Width of the input feature map
D Depth of the input feature map (number of slices)
Number of channels in the feature map

e sgqueeze operation that aggregates global spatial infanmiatde+ned as,

s F O 000 uriik (A¥)
sq uce H W Dl(g'*JQOkQO C 1J!
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