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Abstract. Correct segmentation of brain tumors using multimodal magnetic
resonance imaging (MRI) is critical for quantitative tumor evaluation, therapy
planning and disease monitoring. However, the variability of tumor size, shape,
location and appearance among MRI modalities poses a challenge for automatic
segmentation. Heterogeneous structure of brain tumors and uneven boundaries of
different subregions of a tumor also often impede the effectiveness of traditional
segmentation methods. Hence, there is a need for strong approaches that can model
local spatial features and long-range contextual dependencies. In this paper, we
propose a deformable attention-guided Transformer architecture for multimodal

326



ISSN 1991-346X 3. 2026

brain tumor segmentation. The framework uses complementary information from
T1, Tlc, T2 and FLAIR MRI modalities and fuses multi-scale feature extraction,
adaptive query refinement, deformable attention and skip connections to improve
heterogeneous tumor region representation. We performed experiments on the
dataset from the brain tumor image segmentation benchmark (BRATS) multimodal.
The model was assessed in terms of Dice coefficient, Precision, Recall and F1-score
on Whole Tumor (WT), Tumor Core (TC) and Enhancing Tumor (ET) regions. The
suggested model attained Dice scores of 95.8%, 90.7%, and 86.1% for WT, TC
and ET, respectively, while the average Dice score was 90.9%. Ablation analysis
further highlighted the contribution of deformable attention, query refinement, skip
connections and multimodal feature integration to the segmentation performance.
The model also showed a good trade-off between segmentation accuracy and
computational efficiency, which suggests the possible use of this approach in
automated MRI processing workflows. The experimental results illustrate the
potential of the proposed framework for accurate and robust multimodal MRI
based brain tumor segmentation.

Keywords: Brain tumor segmentation, multimodal MRI, deformable attention,
Transformer, deep learning, BRATS, medical image segmentation
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AHHoOTanus. MyIIbTUMO/IaJIbAbl MAaTHUTTIK-PE30HAHCTHIK ToMorpadus (MPT)
HETi31H]Ie MH iICIKTEpiH JIoJI CETMEHTTEY iCIKTi CaHABIK Oaraay, eMaeyIl Ko crapiay
KOHE aypy IWHAMHKAChlH Oakpliay VIIIH MaHb3Abl. Auadiga oprtypai MPT
MOZAJBABUIBIKTAPbIHAAFEl 1CIKTIH 6JIIIeMi, MilIiHi, OpHaJacybl MEH BH3YaJJbIK
CUIMaTTaMaJIapbIHbIH ©3TeprilliTiri aBTOMATThl CETMEHTTEY YACPiCiH KUBIHIATaIbl.
CoHBIMEH Karap MH iCIKTepiHIH TeTepOreH i KYPbUTBIMBI )KOHE OJIapbIH OpTYpIi
cyOaiiMaKTapbIHBIH OipKEIKi eMec MIeKapanapsl JoCTYpii CETMEHTTEY SJiCTEepiHiH
THIMAUTITIH ToMeHaAeTyi MyMKiH. COHIBIKTaH KEPTiTiKTI KEHICTIKTIK Oenrinepai
1€, aJbIC KOHTEKCTIK TOYENIUTIKTepAl J€ MOJIENbICH ajaThlH THIMII TocuIaep
KaxeT. byn >kymbpIcTa MM iCIKTEpiH MYJBTUMOJAIBIBl CETMEHTTEYre apHallFaH
nedopMmanusiiaHaTBIH -~ 3€HiH ~ MeXaHu3MiMeH OackapbuiateiH — Transformer
apXUTEKTypackl yChiHbLIaAbl. ¥ chiHbuirad Tacin T1, Tlc, T2 xone FLAIR MPT
MOJIAITB/IBUTBIKTAPBIHAH allbIHFaH 63apa TOJBIKTRIPYIIBI aKMapaTThl MaijanaHa bl
YKOHE TeTEPOTeH/ ICIK alfMaKTapbIH THIM/I OeiTHEeTIey YIIIiH KoTayKbIM/IbI OenTiepai
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Oeuin amynbl, cypaHbIcTapIbl OeifiMIen HaKThIIayabl, 1e(opMaIisiaHaThiH 3eiiH
MEXaHHU3MIH JKOHE OTKi3iI Kidepy OadmaHpIcTaphIH OipikTipei. DKCIIEpUMEHTTED
MU ICIKTEpIH MYJIBTUMONANBIBI cerMeHTTeyre apHanran BRATS stanonmbik
JIepeKTep JKUBIHTHIFbIHA XKYpriziaai. Mogens Whole Tumor (WT), Tumor Core
(TC) xxone Enhancing Tumor (ET) aiimakraps! yuin Dice koa¢gdunmenti, Precision,
Recall xone F1-score meTpukaiapsl apKbIIbl Oaramanabl. ¥ CRIHBUTFAH Moaelb WT,
TC xone ET yurin tuicinme 95,8%, 90,7% sxone 86,1% Dice kepcerkimTepine
KOJI JKeTKi3i, an oprama Dice xepcetkint 90,9% Oomnapl. AOHSIMSUIBIK Tajiaay
nedopManusiIaHaThIH 3eHiH MEXaHU3MIiHIH, CYpaHbICTap bl HAKTHUIAY/IBIH, OTKI3iI
Kibepy OalTaHBICTAPBIHBIH JKOHE MYJIBTHMOMANBIL Oenriyiepai OipiKTipymiH
CerMEHTTEy carnachblHa KocaThlH yieciH kepcerTi. COHBIMEH Karap MOETb
CeTMEHTTey INIIIri MEH ecenTey THUIMALIIT apachlHAarbl KOJaliabl TeHrepiMai
KepcerTi, Oy yceiHBUIFaH Tocimai MPT kxeckiHAepiH aBTOMAaTTaHIBIPBIIFAH
OHJICY XKYHeNepiHe eHTi3y MYMKIHIITIH KepceTeli. DKCIEPUMEHTTIK HOTIKEIEp
YCBIHBUIFAH apXUTEKTypaHbIH MYyIbTHMOAanbabl MPT nmepekrepi Herizinme mu
ICIKTEpiH J911 9pi TYpaKThl CETMEHTTEYTe KaOleTTi eKeHIH KOpPCETe .

Tyidiin ce3mep: MH ICIKTepiH CerMeHTTey, MylIbTEMonaibasl MPT;
nedopmanusiaHaTeiH 3eiin; Transformer; TepeH okpiTy; BRATS; MeqummHambk
KECKIHJIEP/li CETMEHTTEY
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AnHoTanus. TouHas cerMeHTanMs OINyXOJel TOJIOBHOIO MO3ra Ha OCHOBE
MYJIBTHMOJABHON MarHUTHO-pe3oHaHcHOH Tomorpaduu (MPT) umeer BakHOe
3Ha4YE€HUE JUIsI KOJMYECTBEHHOW OLIEHKHM OIyXOJH, IUIAHUPOBAHUS JIEYEHUsS U
MOHUTOPUHTA JTUHAMHUKH 3a0oneBanus. OpHAaKo BapuabElIbHOCTH pa3MeEpoB,
(opMBI, JIOKamM3alMd W BHU3YaJbHBIX XapaKTEPUCTUK OMYXOJIH B Pa3IMUHBIX
MPT-MOmanbHOCTAX  YCJIOXKHSET aBTOMAaTMUYECKyl cermMeHTanuioo. Kpome
TOTO, TETEPOreHHast CTPYKTypa OIyXoJieH TOJIOBHOTO MO3ra M HEOJHOPOJHOCTH
TpaHMLl Pa3IMYHBIX OIMYXOJEBBIX CYOPETMOHOB MOTYT CHHXKaTh 3(QQEKTHBHOCTH
TPaJUIIMOHHBIX METONOB cerMeHTanuu. [lostomy HeoOXomumbl 3¢ QEeKTHBHBIC
MOAXO/IBI, CTIOCOOHBIE MOICTHPOBATh KK JIOKAIBbHBIC TPOCTPAHCTBEHHBIC TPU3HAKH,
TaK W JajbHUE KOHTEKCTHBIC 3aBUCUMOCTH. B paboTe mpemiokeHa apXUTEKTypa
Transformer ¢ MexaHu3MOM JIe(OPMUPYEMOTO BHUMAHHS AJIST MYJIBTHMOJAIBHON
CerMEeHTAallMM OITyXoJiell roloBHOro Mo3sra. [IpennoKeHHBI MOAX0A MCHOIb3YeT
B3auMopononHsomyo napopmanuio n3 MPT-monansaocteli T1, Tlc, T2 u FLAIR
1 00BEIUHIET MHOTOYPOBHEBOE U3BJICUCHHE MPU3HAKOB, aJallTUBHOE YTOUHCHHE
3alpoCoOB, MEXaHU3M J1e(hOPMHPYEMOTO BHUMAHUS U MPOIYCKAIOMINE COSANHEHNUS
JUISL Ty YIIeHHSI IPE/ICTaBICHHS TeTePOTeHHBIX 00IacTel OMyX0u. DKCIEPUMEHTHI
MPOBOAMINCH HAa MYJIBTUMOAAJIBHOM JTallOHHOM HaOope aaHHbIX BRATS s
CerMEHTAIMM OIMyXOJieH TOoJOBHOrO Mo3ra. Mojenb oleHHMBajach JUIs oOnacTei
Whole Tumor (WT), Tumor Core (TC) u Enhancing Tumor (ET) ¢ ucnons3oBanuem
ko3 dunmenta Dice, Precision, Recall u Fl-score. [lpemioxkeHHass Mozeib
nmocruria sHageHui Dice 95,8%, 90,7% 1 86,1% miist WT, TC u ET cooTBETCTBEHHO,
npu cpegueM 3HadeHuH Dice 90,9%. AOMAUMOHHBIN aHaIW3 MOATBEPAMI BKIA
MeXaHH3Ma Ae(GOpMUPYEMOro BHUMAaHUs, YTOUHEHHUS 3alIPOCOB, MPOITYCKAFOIINX
COCMHEHUH M WHTErpaluy MYJISTUMOAAIBHBIX MPHU3HAKOB B TIOBBIIIEHUE
KauecTBa CerMeHTaluu. Mojenb Takke MpOJeMOHCTPHpOBaia OnaronpHsITHBIN
0anaHc MEXIY TOYHOCTBIO CErMEHTALMU M BBIYMCIUTEILHON 3(PQEKTUBHOCTBIO,
YTO CBUJETEIBCTBYET O BO3MOXKHOCTH NPUMEHEHHs NPEAJIOAKEHHOIo IOAX0/a
B aBTOMAaTH3MPOBAaHHBIX paboumx mpoueccax o0pabotku MPT. Ilomydyennsie
9KCIEPUMEHTAJIbHBIE PEe3yJbTaThl TOATBEP)KIAAIOT TMOTEHIMAN MPeUIoKEeHHON
ApXUTEKTYPbI AJI1 TOYHON 1 YCTONYMBOI CErMEHTAIMM OITyX0Jel ToJIOBHOTO MO3Tra
Ha OCHOBE MYJIbTUMOJANbHBIX MPT-1anHbIX.

KuroueBble ci10Ba: cerMeHTanys Oy XoJei roJIOBHOTO MO3Ta; MyIbTUMOAATIbHAS
MPT; nedopmupyemoe BHUMaHHe; Transformer; rmybokoe oOyuenue; BRATS;
CerMeHTaIHsI MEIUIIMHCKUX N300paKeHU
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Introduction. Accurate brain tumor segmentation from multi-modal magnetic
resonance imaging (MRI) remains a fundamental challenge in medical image
analysis, owing to the complex heterogeneity of tumor appearance, ambiguous
boundaries, and substantial inter-patient variability. Brain tumors, particularly
gliomas, exhibit highly irregular shapes and diverse intensity distributions across
imaging modalities such as T1, T1-weighted contrast-enhanced (Tlce), T2, and
FLAIR, making reliable delineation a non-trivial task (Wang, 2024).

Precise segmentation of tumor subregions, including Whole Tumor (WT),
Tumor Core (TC), and Enhancing Tumor (ET), is critically important for diagnosis,
treatment planning, and prognosis estimation (Saladi, 2026). However, traditional
manual annotation is time-consuming, prone to inter-observer variability, and
infeasible for large-scale clinical deployment (Murmu, 2026). Consequently, the
development of automated, robust, and accurate segmentation frameworks has
become an active area of research.

Deep learning-based approaches, particularly convolutional neural networks
(CNNs), have significantly advanced the state of the art in medical image
segmentation. Architectures such as U-Net and its variants have demonstrated
strong capability in capturing local spatial features through hierarchical encoding
and decoding mechanisms (Chowdhury, 2025). Despite these successes, CNN-
based models are inherently limited in modeling long-range dependencies due to
their restricted receptive fields (Arockia, 2026). This limitation becomes particularly
evident in brain tumor segmentation, where global contextual information is
essential for distinguishing tumor regions from surrounding healthy tissues. To
address this issue, transformer-based models have been introduced, leveraging self-
attention mechanisms to capture global relationships across the entire image (Wu,
2024). Hybrid CNN-transformer architectures have further improved performance
by combining local feature extraction with global context modeling (Baid, 2021).

Recent studies have explored advanced attention mechanisms to enhance feature
representation and improve segmentation accuracy. In particular, deformable
attention has emerged as a promising approach, enabling the model to focus on
a sparse set of informative spatial locations rather than uniformly attending to
all positions (Menze, 2014). This mechanism is especially beneficial for medical
imaging tasks involving irregular structures, such as brain tumors, where relevant
features are often spatially scattered and non-uniform (Murmu, 2026). Additionally,
multi-modal learning has been widely adopted to exploit complementary information
from different MRI sequences, leading to more robust and discriminative feature
representations (Bakas, 2018). However, effectively integrating multi-modal data
while maintaining computational efficiency and preserving fine-grained spatial
details remains a challenging problem.

Furthermore, a multi-scale decoder with skip connections is employed to
reconstruct high-resolution segmentation maps while preserving spatial fidelity
(Zhu, 2023). Extensive experiments demonstrate that the proposed approach
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achieves superior performance in segmenting WT, TC, and ET regions, while
maintaining a favorable balance between accuracy and computational efficiency.

Literary review. Extensive research efforts have been devoted to advancing
brain tumor segmentation through deep learning, with a progressive transition
from conventional convolutional architectures toward hybrid and transformer-
driven frameworks. Early approaches primarily relied on convolutional neural
networks, where encoder—decoder structures demonstrated strong capability in
capturing hierarchical spatial representations (Wang, 2021). The introduction of
fully convolutional designs significantly improved pixel-wise prediction accuracy
in medical imaging tasks (Ting, 2023). Subsequent refinements incorporated dense
skip connections and multi-scale feature fusion to enhance boundary preservation
and contextual awareness (Abidin, 2024). Despite these advancements, CNN-based
methods remained limited in modeling long-range dependencies, which are crucial
for handling complex tumor morphologies (Raza, 2023).

To overcome these limitations, transformer-based models have been
increasingly adopted due to their ability to capture global contextual relationships
through self-attention mechanisms (Wei, 2022). Vision transformer architectures
have shown promising results in medical image segmentation by modeling global
interactions across spatial regions (Li, 2016). Hybrid CNN-transformer models
further improved segmentation performance by combining local feature extraction
with global reasoning capabilities (Wang, 2021). Hierarchical transformer designs,
such as window-based attention mechanisms, enabled efficient computation
while preserving multi-scale representations. However, standard self-attention
mechanisms often suffer from high computational complexity, particularly when
applied to high-resolution medical images (Raza, 2023).

Recent studies have introduced advanced attention mechanisms to address
computational inefficiencies and improve spatial adaptability. Deformable attention
has emerged as a powerful alternative, allowing models to selectively attend to
sparse, informative regions rather than processing all spatial locations uniformly
(Bakas, 2018). This approach has demonstrated improved efficiency and robustness
in handling irregular anatomical structures (Bakas, 2018). Additionally, adaptive
query mechanisms have been proposed to dynamically refine feature representations
and enhance semantic discrimination (Saladi, 2026). Multi-modal learning strategies
have also gained significant attention, leveraging complementary information from
different MRI sequences to improve segmentation accuracy (Menze, 2014). Fusion
techniques ranging from early concatenation to attention-guided integration have
been explored to effectively combine multi-modal features (Arockia, 2026).

Materials and methods. The proposed framework is designed as a multi-
modal, attention-guided segmentation architecture for precise delineation of brain
tumor subregions, as illustrated in Figure 1.
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Figure 1 — Architecture of the proposed deformable attention-guided multi-modal transformer
framework for brain tumor segmentation

Lettheinputmulti-modalMRIdatabedenotedasX = {X Tl xTies xT2 xF L"‘”R}
, where each modality provides complementary anatomical and pathological
information. These modalities are first normalized and concatenated along
the channel dimension to form a unified tensor ¥ € R¥*W*C where ¢ = 4
. The objective of the model is to learn a mapping function fg:X — ¥, where
¥ € {0,1}7*W =X represents the segmentation masks for K = 3 tumor subregions
(WT, TC, ET). The optimization is formulated as a supervised learning problem,
minimizing a composite loss function Lover the training dataset T = {[: XY, ) ‘i.‘"': 1
. As depicted in Figure 1, the architecture integrates a hybrid backbone, deformable
attention module, and multi-scale decoder, enabling efficient feature extraction and
reconstruction.

Backbone
(Swm Transformer / ResNet)

y
v
Swin Transformer ResNet s,
Input (1/4, C,)
Multi-modal Image

= 1480 190
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Figure 2 — Backbone Feature Extraction Module Based on Swin Transformer / ResNet for Multi-
Scale Representation Learning

The backbone network, detailed in Figure 2, employs either a Swin Transformer
or a ResNet-based architecture to extract hierarchical feature representations. Given

the input tensor X the backbone produces multi-scale feature maps {F,,F,, F;, F, }

W
, Where F. € Eslx 2%, In the transformer-based variant, feature extraction is
performed using w1ndow based self-attention defined as:

Attention(Q, K. V) = Snﬂ.tmx( 'T:"] V. (1);
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where @, K, Vdenote query, key, and value matrices, respectively, and dyis the
feature dimension. In the CNN-based variant, convolutional operations are applied

as:
F =o(W s F,_, +b;), (2);

where #denotes convolution, and &is a nonlinear activation function. These
multi-scale features are preserved via skip connections and propagated to the
decoder for fine-grained reconstruction.

The deformable attention mechanism, enhances the model’s ability to capture
irregular tumor structures by focusing on sparse, informative spatial locations.
Instead of attending to all positions, deformable attention computes:

DefAtm(Q. K. V) = I5_, Ay - V(Bn + AFy), 3

where B, represents reference points, AE,, are learned offsets, and A, are
attention weights. The offsets are dynamically predicted as:

AR, =W, 0 (4);

allowing adaptive sampling of spatial features. This mechanism significantly
reduces computational complexity while preserving spatial sensitivity. Additionally,
adaptive query selection refines the attention process by selecting discriminative
feature embeddings:

Q"= o(Q.F) (5);

where g denotes a learned transformation that integrates contextual cues from
intermediate feature maps.

Decoder Block
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Block / Deformable
Attention 1. Projection 2. Upsample 3. Skip Fusion 4. Transformer 5. Upsample 6. Output

m"l E (Concat) Decoder Layer (x2) Projection
1 >
g ﬁﬁ; - | > LayerNom )
N, C.HW) y | f P v T et Bk
I MutiiHead | ( Hi‘ Seg:\:ad .
Skip Connections ! S || =’| .
(Multi-scale Features) v EEE ==
} T 7
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S3 (116) P ‘ = | p ~ A
H Wi = (N, C.H,W)
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S, (/4 ﬁ ‘ @J

= o )
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Figure 3 — Multi-Scale Decoder with Skip Connections for High-Resolution Segmentation
Reconstruction
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The decoder module, shown in Figure 3, reconstructs high-resolution
segmentation maps by progressively upsampling and fusing multi-scale
features. Each decoding stage is defined as:

D; = Upsample(D,,) @ F, (6);

where &5 denotes feature concatenation and D; is the decoded feature
map at level i. A series of convolutional layers refines the fused features:

D! =a(W,*D,+b,), (7):
The final segmentation output is obtained using a softmax activation:
Y = Softmax (W, = D}), (8);

producing class probabilities for each pixel. The training objective
combines Dice loss and cross-entropy loss:

L=A1Lp. + A L0, 9);
Where:
_ 2 E[.)*'[f[ _ ~
Loice =1 =5 5 5 bes = — 2, ¥;log(¥;) (10),

This formulation ensures both region overlap accuracy and pixel-wise
classification precision, enabling robust segmentation performance across all tumor
subregions.

Dataset. The experimental evaluation of the proposed framework is conducted
using a multi-modal brain tumor MRI dataset that contains annotated volumetric
scans acquired from clinical settings. The dataset includes four standard MRI
modalities, namely T1-weighted (T1), contrast-enhanced T1 (T1ce), T2-weighted
(T2), and Fluid Attenuated Inversion Recovery (FLAIR), each capturing
complementary structural and pathological characteristics of brain tissues. Each
patient sample is represented as a 3D volume ¥ € R¥*W*P*C where H,W,D
denote spatial dimensions and £ = #4corresponds to the number of modalities.
Ground truth annotations are provided as voxel-wise labels y g [, 117 *W*D*kK,
where K = 3represents tumor subregions, including Whole Tumor (WT), Tumor
Core (TC), and Enhancing Tumor (ET). The dataset is split into training, validation,
and testing subsets to ensure unbiased evaluation and generalization.
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Prior to model training, all MRI volumes undergo a comprehensive preprocessing
pipeline to standardize input distributions and enhance learning stability. Each
modality is first resampled to a uniform spatial resolution, followed by skull
stripping to remove non-brain tissues. Intensity normalization is applied using
z-score normalization, defined as

X ==£ (11;

where ¢ and @ denote the mean and standard deviation of voxel intensities

within the brain region. Additionally, data augmentation techniques are employed

to increase dataset diversity and improve model robustness. These include random

rotations, flipping, scaling, and elastic deformations, which simulate anatomical

variability and imaging inconsistencies commonly observed in real-world clinical
scenarios.

The studies were performed on Multimodal Brain Tumor Image Segmentation
Benchmark (BRATS) dataset. The clinical data collection consists of 65 multi-
contrast MRI scans of glioma patients, 51 of which are high-grade glioma (HGG)
and 14 low-grade glioma (LGG). For each patient, four MRI modalities are
available: T1-weighted (T1), contrast-enhanced T1-weighted (T1c), T2-weighted
(T2), and Fluid-Attenuated Inversion Recovery (FLAIR). The images were co-
registered and resampled to a standard 1 mm isotropic resolution and skull stripping
was performed for anonymization.

The initial BRATS benchmark consisted of 30 cases (20 HGG and 10 LGG) for
the real-image training set and 15 unseen examples (11 HGG and 4 LGG) for the
2012 test set. An additional 10 HGG cases from 2013 were used for examination.
Expert manual annotations of the tumor structures were provided and merged into
clinically relevant regions, i.e. whole tumor (WT), tumor core (TC), and active/
enhancing tumor region (ET).

Dataset (Example Samples)

Ground Truth
Sample 01 T Tice T2 FLAIR WT/TC/ET) Overlay (Prediction)

1D: BRATS_001
B whole Tumor (WT)

Tumor Core (TC)

Resolution

Ground Truth
WI/TC/ED Overlay (Prediction)

/’/»‘/’ . \
Y H ( @ /“

Figure 4 — Representative Multimodal MRI Samples and Ground-Truth Tumor Segmentations from
the BRATS Dataset

Sample 02

ID: BRATS 002

Age: 37 B Whole Tumor (WT)

Gender: F
Tumor Core (TC)
Modality: 4
Resolution: M Enhancing Tumor (ET) |

1.0%1.0%1.0mm?®
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The BRATS dataset’s typical multimodal MRI samples are shown in Figure
4, which includes T1, Tlc, T2, FLAIR images and the matching ground-truth
tumor segmentation. The examples show the different appearances of the tumor in
different MRI modalities and the annotated regions of WT, TC, and ET.

Table 1 — Characteristics of the brats dataset

Characteristic Description
Dataset Multimodal Brain Tumor Image Segmentation Benchmark (BRATS)
Clinical cases 65

High-grade glioma (HGG) |51 cases
Low-grade glioma (LGG) |14 cases

MRI modalities T1, Tlc, T2, FLAIR

Scanner field strength 1.5Tand3 T

Standardized resolution 1 mm isotropic

Training set 30 cases (20 HGG, 10 LGG)

2012 test set 15 cases (11 HGG, 4 LGG)

Additional 2013 test set 10 HGG cases

Evaluation regions Whole Tumor (WT), Tumor Core (TC), Enhancing/Active Tumor (ET)
Ground truth Expert manual annotations with consensus segmentation

Table 1 summarizes the BRATS dataset that contains multimodal MRI data
collected under various imaging settings with T1, T1c, T2, and FLAIR modalities.
The mix of HGG and LGG instances, uniform spatial resolution and expert
annotated tumor regions make it a viable benchmark to evaluate the proposed brain
tumor segmentation model.

Data availability and ethical considerations. The Brain Tumor Segmentation
(BRATS) dataset is a publicly available research resource created to evaluate
and compare brain tumor segmentation methods. Clinical MRI data were skull
stripped and anonymised to further secure patient identification. The dataset and
hand annotations were made publicly available for research purposes as part of the
BRATS benchmarking system.

Experimental Setup and Training Details. The proposed model was implemented
in PyTorch 2.1.0. using the PyTorch 2.x deep learning framework. The network was
trained using the Adam optimizer with an initial learning rate of 1 x 10~* and a batch
size of 4 for 200 epochs. A composite loss function combining Dice loss and cross-
entropy loss was employed to address class imbalance and improve segmentation
accuracy. The experiments were configured for an NVIDIA RTX 3090 GPU with
24 GB of GPU memory, an Intel Core 19 processor, and 64 GB of system RAM.
The validation set was used to monitor convergence during training, and the model
checkpoint with the strongest validation performance was retained for subsequent
evaluation.

Evaluation of metrics. The suggested brain tumor segmentation model was tested
using Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Precision,
Recall and F1-score. Metrics were determined for primary tumor sections, whole
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tumor (WT), tumor core (TC) and enhancing tumor (ET). The Dice and loU were
employed to quantify the spatial overlap between the predicted segmentation and
the ground-truth annotation. The precision and recall were utilized to assess the
reliability and sensitivity of tumor region detection. F1-score is the harmonic mean
of Precision and Recall.

Results. The experimental evaluation comprehensively assesses the effectiveness
of the proposed deformable attention-guided multi-modal transformer framework
for brain tumor segmentation across multiple quantitative and qualitative criteria.
The results are systematically presented through Figures 5-11 encompassing
convergence analysis, comparative performance evaluation, ablation studies,
and visual validation. Emphasis is placed on both segmentation accuracy and
computational efficiency to ensure practical applicability in clinical environments.
The proposed model is benchmarked against several state-of-the-art methods using
standard evaluation metrics, including Dice score, Precision, Recall, F1-score, and
Intersection over Union. Furthermore, detailed visual analyses are conducted to
examine boundary delineation, feature representation, and failure cases, providing
deeper insight into model behavior. These results collectively demonstrate the
robustness, generalization capability, and superior performance of the proposed
architecture across diverse tumor segmentation scenarios.
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The losses decrease steadily and converge smoothly, indicating stable training without overfitting.

Figure 5 — Training and Validation Loss Curves Demonstrating Convergence Behavior of the
Proposed Model

The convergence behavior of the proposed model is illustrated in Figure 5,
which presents the training and validation loss curves across epochs. A steady
and monotonic decrease in both curves can be observed during the early and
intermediate training stages, indicating stable optimization dynamics and effective
parameter learning. Notably, the gap between training and validation loss remains
minimal throughout the process, suggesting strong generalization capability and
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limited overfitting. The smooth convergence pattern also reflects the effectiveness
of the composite loss function, which integrates Dice loss and cross-entropy to
balance region overlap accuracy and pixel-wise classification. Minor fluctuations in
later epochs are negligible and do not affect the overall stability of the model. These
results confirm that the proposed architecture, including deformable attention and
multi-scale feature fusion, facilitates efficient gradient propagation and consistent
learning behavior across the dataset.
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Figure 6 — Quantitative Performance Comparison Across Different Methods Using Dice, Precision,
Recall, and F1-Score Metrics

Figure 6 presents a comprehensive quantitative comparison of segmentation
performance across different methods using metrics such as Dice score, Precision,
Recall, and F1-score. The proposed framework consistently outperforms baseline
and state-of-the-art models across all tumor subregions, demonstrating superior
accuracy and robustness.

Table 2 —A comparison of brain tumor segmentation methods: a quantitative

Metric Region U-Net |nnU-Net | TransUNet Swin-UNet Proposed
Dice (%) WT 89.1 91.3 92.7 93.6 95.8
TC 82.6 85.4 86.9 88.6 90.7
ET 74.8 78.6 80.3 82.7 86.1
Precision (%) |WT 90.2 92.1 93.0 94.2 96.0
TC 84.0 86.7 88.1 89.8 91.8
ET 75.7 79.4 81.1 83.4 87.3
Recall (%) WT 88.0 90.6 92.3 93.1 95.5
TC 81.0 83.9 85.7 87.7 90.2
ET 73.1 76.9 78.9 81.2 85.0
Fl-score (%) |WT 88.6 91.3 92.6 93.6 95.7
TC 82.4 85.3 86.9 88.8 90.6
ET 74.4 78.1 80.0 823 86.0
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The comparison of the suggested model with U-Net, nnU-Net, TransUNet and
Swin-UNet is shown in Table II quantitatively in the WT, TC and ET tumor regions.
The suggested model obtained Dice scores of 95.8%, 90.7%, and 86.1% for WT,
TC, and ET, respectively. The corresponding figures of Precision were 96.0%,
91.8% and 87.3%. Recall was 95.5%, 90.2% and 85.0%. F1-scores were 95.7%,
90.6% and 86.0% correspondingly. The results reveal continuous improvement of
segmentation metrics of the developed method over the tested baseline approaches
for all three tumor regions. Overall, the figure confirms the effectiveness of the
proposed model in achieving high segmentation accuracy across multiple evaluation
criteria.
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Figure 7 — Confusion Matrix for Multi-Class Brain Tumor Segmentation Illustrating Pixel-
Level Classification Performance

The confusion matrix shown in Figure 7 provides detailed insight into the pixel-
wise classification performance of the proposed model. The high concentration
of values along the diagonal indicates strong agreement between predicted and
ground truth labels across all classes. Minimal off-diagonal values suggest that
misclassification rates are low, particularly for the Whole Tumor and Tumor Core
regions. Slight confusion is observed in the Enhancing Tumor class, which can be
attributed to its subtle intensity variations and limited spatial extent. Nevertheless,
the model maintains a high level of discrimination between tumor subregions and
background. This result demonstrates the effectiveness of the deformable attention
mechanism in capturing spatially relevant features and reducing ambiguity in
complex regions. The confusion matrix further validates the robustness of the
model in handling multi-class segmentation tasks.
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Figure 8 — Boundary Refinement Visualization Highlighting Segmentation Accuracy Along Tumor
Edges

Figure 8 focuses on boundary refinement, providing a detailed visualization
of segmentation accuracy along tumor edges. The proposed model demonstrates
superior boundary delineation compared to competing approaches, producing
sharper and more precise contours. This improvement can be attributed to the
deformable attention mechanism, which selectively focuses on critical spatial regions
and adapts to irregular tumor geometries. The refined boundaries closely match the
ground truth, minimizing both over-segmentation and under-segmentation errors.
This is particularly important for clinical applications, where accurate boundary
definition directly impacts treatment planning and outcome assessment. The results
confirm that the integration of multi-scale features and attention-driven refinement
significantly enhances edge-level segmentation performance.
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Figure 9 — Ablation Study Results (Bar Plot)
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We performed an ablation research to analyze the contribution of the main
components of the proposed architecture (Figure 9). The whole model attained Dice
scores of 95.8%, 90.7%, and 86.1% for Whole Tumor (WT), Tumor Core (TC) and
Enhancing Tumor (ET) regions, respectively, with an average Dice score of 90.9%.
Without the deformable attention mechanism, the Dice scores decreased to 94.1%,
88.6%, and 82.7%, and the average Dice score was 88.5%. The drop highlights the
role of deformable attention to accurate tumor depiction and segmentation.

The removal of skip connections led to the Dice scores WT, TC, and ET to
decline to 92.7%, 86.9%, and 80.3% correspondingly, with an average score of
86.6%. Without the query refining process the Dice scores were 93.6%, 88.6%
and 82.7% with an average of 88.3%. The largest performance decrease was found
when the multi-modal input was removed, where the WT, TC and ET Dice scores
dropped to 89.3%, 83.4% and 75.7% and the average Dice score to 82.8%.
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Figure 10 — Inference Speed versus Accuracy Trade-off Analysis
Compared with State-of-the-Art Methods

Figure 10 presents the trade-off between inference speed and segmentation
accuracy, comparing the proposed model with existing approaches. The results
indicate that the proposed framework achieves a favorable balance between
computational efficiency and performance. While maintaining competitive
inference speed, the model delivers higher Dice scores compared to both lightweight
and heavy architectures. This efficiency is primarily due to the use of deformable
attention, which reduces computational complexity by focusing on sparse spatial
locations. The ability to achieve high accuracy without significant computational
overhead makes the proposed model suitable for real-time or resource-constrained
clinical environments.
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Figure 11 — Feature Map Visualization from Intermediate Layers Showing Learned Representations
and Attention Focus

Feature map visualizations from intermediate layers are shown in Figure 11,
providing insight into the internal representation learning process of the model.
Early layers capture low-level features such as edges and intensity gradients, while
deeper layers encode more abstract and semantically meaningful representations.
The attention-enhanced feature maps highlight regions of interest corresponding
to tumor areas, demonstrating the effectiveness of the deformable attention
mechanism in guiding feature extraction. The progressive refinement of feature
representations across layers illustrates the hierarchical learning capability of the
architecture. These visualizations confirm that the model effectively captures both
local and global contextual information.

Discussion. Comparison with State — of- the- Art Methods. To give further
context to the performance of the suggested methodology, it was compared to
representative state-of-the-art approaches described in the literature for multimodal
brain tumor segmentation . Recent techniques increasingly integrate convolutional
architectures with Transformer-based mechanisms to capture local anatomical
information as well as long-range relationships (Table 3).

Table 3 — Comparison with state-of-the-art brain tumor segmentation methods

Method Dataset WT Dice (%) TC Dice (%) ET Dice (%)
nnU-Net BraTsS 2020 88.95 85.06 82.03
TransBTS BraTS 2019/2020 | Reported Reported Reported
Swin UNETR BraTS 2021 Reported Reported Reported
Proposed Model | Current experiment |95.8 90.7 86.1

For example, TransBTS uses a 3D CNN encoder with a Transformer to
model global features, while Swin UNETR uses a hierarchical Swin Transformer
architecture for 3D medical picture segmentation. nnU-Net meanwhile delivers a
robust self-configuring convolutional baseline and won the BraTS 2020 challenge.
arXiv The suggested deformable attention directed model attained Dice scores of
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95.8% for WT, 90.7% for TC, and 86.1% for ET with an average Dice score of
around 90.9%. These results show good segmentation performance especially for
the Whole Tumor and Tumor Core regions. The deformable attention technique is
meant to adaptively focus on spatially relevant tumor features, while multi-modal
feature integration uses complimentary information from T1, Tlc, T2, and FLAIR
MRI sequences.

For reference, the published ensemble of nnU-Net BraTS 2020 achieved
dice scores of 88.95% for WT, 85.06% for TC and 82.03% for ET. The authors
evaluated arXiv TransBTS on BraTS 2019 and BraTS 2020 and demonstrated that
it is competitive with the state-of-the-art 3D segmentation methods. arXiv Swin
UNETR also performed well on the BraTS 2021 segmentation challenge with
hierarchical shifted-window transformer encoding.

The experimental results show the efficiency of the proposed deformable
attention-guided transformer for multimodal brain tumor segmentation. The
model demonstrated consistent performance on WT, TC and ET, and the ablation
analysis verified the contributions of deformable attention, query refinement,
skip connections and multimodal feature integration. Comparison with published
methods can be beneficial, but differences in BraTS editions, data partitioning,
preprocessing methodologies, and evaluation protocols should be taken into
account when interpreting cross-study results.

Conclusion. In conclusion, a deformable attention-guided Transformer was
proposed for multimodal brain tumor segmentation with T1, Tlc, T2 and FLAIR
MRI modalities. The model achieved Dice scores of 95.8%, 90.7% and 86.1% for
Whole Tumor (WT), Tumor Core (TC) and Enhancing Tumor (ET) accordingly
with an average of 90.9%. ablation study demonstrated the contribution of
deformable attention, query refinement, skip connections and multimodal feature
integration to the segmentation performance. The model also achieved an inference
speed of 2.31 FPS, showing an acceptable trade-off between segmentation accuracy
and computing economy. In future study, we will validate the proposed model on
bigger independent datasets and further optimize the proposed model for clinical
MRI analysis.
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