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Abstract: For clinical diagnosis, treatment planning, and prognosis, the accurate segmentation of brain tumours from
MRI images is an area in need of utmost research sets. On the downside, with the deep learning-based segmentation
models, key problems of limited generalizability, low boundary precision, and poor exploitation of the multi-modal
MRI data samples have arisen in process. Most of the present models do not seem to suitably characterize cross-
modal contextual dependencies, are hesitant when it comes to fine-grained boundary segmentation, and often
depend on static loss functions, incapable of adapting to rapid intra-class and inter-class variabilities throughout the
training process. To contend with these challenges, we put forth a new Multi-Scale Attention-Driven CNN
Framework for Brain Tumour Segmentation with Dual-Stage IOU Optimization, which encompasses five analytically
motivated and technically new modules. First, the CMSCA mechanism dynamically integrates features across MRI
modalities by evaluating inter-modal consistencies at multiple spatial resolution levels, thus enhancing cross-modal
integration. Second, the Dual-Domain Gradient Agreement Loss (DDGAL) holds edge-aware supervision in the
spatial domain and frequency domain to increase structural accuracy. Third, the Temporal Feature Accumulation
with IOU Memory Units (TFA IMU) tracks learning dynamics across training epochs to enable adaptive feature re-
weighting according to historical IOU patterns. Fourth, Graph-Enforced Regional Attention with Structural
Consistency Loss (GERA-SCL) embeds superpixel-based structural priors via graph convolutions to assure label
consistency and topological coherence within the tumour region. Finally, based on adaptive pseudo labelling and
IOU-driven confidence estimation, the Adaptive Dual-Stage Pseudo IOU Feedback Refinement (ADP IFR) is
proposed to enhance the boundary accuracy on unlabelled data samples. The suggested framework demonstrates
sustained improvements in segmentation accuracy, boundary finesse, and generalization ability sets. The Dice score
evidence shows an increase of +4.2%, an increase of +4.1% in IOU, and a decrease of —6.5 px in Hausdorff Distance,
implying marked superiority over the contemporary state-of-the-art methods within the realms of labelling and semi-
supervised learning in the process.
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Abbreviation | Full Form / Description CNN Convolutional Neural Network

MRI Magnetic Resonance Imaging UNet U-shaped Convolutional Neural Network
WT Whole Tumour UNet++ Nested U-Net Architecture

TC Tumour Core FCN Fully Convolutional Network

ET Enhancing Tumour VGG Visual Geometry Group Network
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IC-Net Image Cascade Network HD95 95th Percentile Hausdorff Distance
ResNet Residual Neural Network EMA Exponential Moving Average
FPN Feature Pyramid Network SLIC Simple Linear Iterative Clustering (for
superpixels)
Swin-Unet Shifted Window Transformer U-Net
ROI Region of Interest
YOLO You Only Look Once (real-time object
detection model) Al Artificial Intelligence
KNN K-Nearest Neighbour XAI Explainable Artificial Intelligence
LSTM Long Short-Term Memory EDA Exploratory Data Analysis
GCN Graph Convolutional Network GAN Generative Adversarial Network
PG-OneShot | Prototypical =~ Generalization — One-Shot SAE Stacked Autoencoder
Learning
R-CNN Region-based Convolutional ~ Neural
CDCG-UNet | Chaotic Dilated Channel Gate Attention Network
U-Net
Mask R-CNN | Region Proposal-Based Masked CNN
CMIT-Net Cross-Modal Information Transfer
Net k
etwor LRIFCM Local Region-based Improved Fuzzy C-
Means
GERA Graph-Enforced Regional Attention
SegNet Segmentation Encoder Network
SCL Structural Consistency Loss
HILNet High-Level Attention Network
DDGAL Dual-Domain Gradient Agreement Loss
Swin Shifted Window Transformer
TFA IMU Temporal Feature Accumulation with IOU Transformer
Memory Units
Bayesian ML | Bayesian Machine Learning
ADP IFR Adaptive  Dual-Stage  Pseudo IOU
Feedback Refi t
cecback Retmemen CT Computed Tomography
BCE Bi C -Ent
{nary Lross-Biropy MRI Quantitative analysis of MRI features for
Radiomics phenotype characterization
Dice Serensen-Dice Coefficient
Semi IOU Semi-Supervised Intersection Over Union
10U Intersection Over Union

RepNet

Replicator Network (used in survival
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analysis)
Taylor Graphical representation of correlation,
. . Diagram standard deviation, and RMSE of model
DCT Discrete Cosine Transform ..
predictions

Sobel Filter Edge Detection Operator for Spatial

Gradients Multimodal | Combining different input sources (e.g.,

Fusion T1, T2, FLAIR, Tlce) for richer

representations

Violin Plot Combined box plot and kernel density
estimation graph

1. Introduction

Segmentation of brain tumours from magnetic resonance imaging (MRI) data becomes a quintessential in neuro-oncology,
as it aids diagnosis, treatment planning, and outcome assessment. Automated segmentation models face considerable
challenges due to the nature of brain tumours, reflected in their strangely shaped, heterogeneous textures, and variable
intensities coupled with T1, T2, FLAIR, and T1lce MRI modalities. Conventional machine learning techniques, as well as
the early convolutional neural network (CNN) approaches, have proved inadequate since they do not fully use the rich
spatial and contextual information latent in the multi-modality data samples. Besides the issue of imbalance in the sizes of
the tumour subregions (e.g. enhancing tumour vs whole tumour), problems arise due to class ambiguity at boundaries [1,
2, 3], which further limits the model performance sets. In the recent past, deep learning has made great strides by making
available architectures that include attention mechanisms, encoder-decoder design, and hybrid feature fusion modules.
However, they often do not address the following three issues: (1) Ineffectiveness in handling inter-modality information
with very redundant or conflict features dominating the fusion process. (2) Insufficient treatment of structural and
boundary features important for clinical validity but invariably less important for quantitative comparisons. (3) Lack of
adaptive learning mechanisms which dynamically respond to the change of segmentation quality across training
iterations. Most methods resort to static loss formulations and do not benefit from temporal performance feedbacks-e.g.,
IOU trends In their real-time-altered learning strategy scenarios. Generalization to unlabelled or partially labelled data
also remains weak; existing semi-supervised methods rarely match feedback-aware refinement sets.

Against this background, the present piece of work offers a novel and comprehensive approach- attention-guided multi-
scale feature extraction [4, 5, 6], cross-modal fusion, and dual-stage IOU-based optimization. Such a framework is not only
expected to yield fine improvements in segmentation accuracy but also enhancement in the interpretability, consistency,
and robustness of results. The construction of such a learning ecosystem could involve the incorporation of supervision in
spatial and frequency domains, structural graph priors, and pseudo-labelling refinement; all of which will help augment
the adaptability of the framework to the intrinsic variability of brain tumour data samples. This paper endeavors to bridge
the existing methodological gaps by introducing five interlinked modules, each analytically founded and architecturally
novel in the process. This study offers a full-stack solution where each component contributes toward solving a well-
defined technical bottleneck in current segmentation pipelines. The model captured heterogeneous tumour patterns better
while IOU-based memory and feedback-driven training enhanced convergence and predictive stability sets. Through
rigorous experimental validation, the model demonstrates superior performance over state-of-the-art baselines in both
supervised and semi-supervised settings, marking a new milestone in brain tumour segmentation tasks for accuracy and
clinical relevance sets.

Motivation & Contribution

The motivation for the work addresses a long-term issue of existing brain segmentation models. Such models are deficient
because they fail to understand the rich contextual interdependencies between different MRI modalities. Thus, their
sensitivity to structural definition boundaries is minimal. Most of the current methods apply treating modality fusion as a
concatenation or a weighted averaging procedure to one another without investigating inter-modal consistency. Usually,
this results in noisy feature representation and poor generalization. Most importantly, segmentation at and close to
boundaries of tumours is still not maximally accurate, having no edge-sensitive learning objectives to date in the process.
Performance in the above regard is crucial protocol in clinical cases when detailed boundary localization is necessary for
optimal treatment planning and follow-up assessments. Most current methods use fixed forms of loss functions and
strategies of training that are unable to change according to the model's learning trajectory or history of performance, thus
leading to inefficiency during convergence and risks of overfitting sets.
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This paper thus proposes a completely new framework for segmentation based upon a Dual-Stage IOU Optimization
strategy embedded into a Multi-Scale Attention Driven CNN architecture with five analytically new modules added for
enhancement. The Cross-Modal Multi-Scale Consistency Attention (CMSCA) module dynamically assesses and fuses the
different modality MRI features at multiple scales for cross-modal consistency; this leads to better, more coherent feature
representations. The Dual-Domain Gradient Agreement Loss (DDGAL) introduces a dual-supervision mechanism in both
spatial and frequency domains to guide the model to learn sharper and more anatomically consistent boundaries. The
Temporal Feature Accumulation with IOU Memory Units (TFA IMU) module integrates epoch-wise IOU trends to
modulate feature importance dynamically, improving convergence and per-class segmentation focus. The Graph-Enforced
Regional Attention with Structural Consistency Loss (GERA-SCL) injects topological awareness into the learning process
by using superpixel-based graphs to enforce label coherence. Finally, through pseudo IOU predictions, the Adaptive Dual-
Stage Pseudo IOU Feedback Refinement (ADP IFR) module can perform second-stage refinement, useful particularly in
semi-supervised or low-resource contexts.

2. Review of Existing Models used for Brain Tumor Segmentation Analysis

Works by Vinisha and Boda [1] introduced a cascaded DenseNet with adaptive Swin Unet-based segmentation for
enhancing feature discriminabilities through integrated attention-based approaches in recent research. As an extension to
this tendency, Bhagyalaxmi and Dwarakanath [2] proposed CDCG-UNet based on chaotic optimization and dilated
attention gates that echoed the current paradigm of multi-resolution and context-preserving designs. Basha et al. [3] took
one of the early comparative models that leveraged Mask R-CNN with VGG-16 backbones, making it as a baseline in this
review due to its high accessibility and generalizable performance. Then Neetha and Narayan introduced LSTM post-
processing for sequential learning by tumor volume delineation within temporal dependency with spatial precision [4].
Along similar lines, Rastogi et al. [5] presented replication networks to predict survival, thus taking the earliest step
towards the segmentation strategy based on a result sets.

Of architecture complexity increment D S and Clement [6] propagated IC-Net that embedded context across scales,
whereas Ali and Agrawal [7] uniquely integrated VGG19 and ResNet101 to form the multistage feature extraction schema.
Chu et al. [8] made a landmark change by marrying transformers and 3D CNNs for robust tumor segmentation under
cross-orientation views. A concept worth mentioning is that of applying YOLOvV7 by Pandey and Bhandari [9] with
morphological features geared towards real-time tumor detection instances. The finding of Aznarez-Sanado et al. [10] used
magnetic resonance imaging to study correlation at the microstructure level with cognition of tumors, thereby moving
away from purely algorithm-focused studies and underscoring the importance of translation. In a drive toward model
efficiency and unsupervised interpretability, Tan et al. [11] dabbled with segmentation-free deep representation learning.
Within brain tumor tasks, Lakshmi et al. [12] devised a fusion framework of UNet-Bayesian classifier with an explicit
mention of explainable artificial intelligence. Progressive segmentation framework was established by Narayana et al.[13],
while class-sparse recognition through one-shot learning gave data-efficient learning methodologies according to Ali et al.
[14] in process.

Thus, such consolidation of ensemble methods as in Mishra et al. [15] and lightweight architectures like SegNet with
MobileNet by Deol et al. [16] would hint at the inclusion of these models towards deployment-ready models. Yang et al.
[17] pioneered HLNet onward from high-level attention toward a design for UNet++ and so enabled much greater global-
local contextual alignment. Sharma et al. [18] deployed federated learning on cross-silo datasets to address privacy-
preserving computation needs. In similar fashion, Sun et al. [19] enhanced FPN-based segmentation to have improved
localization control. Such studies at biological integration, as that of Christ et al. [20], laid correlation in terms of
inflammation and tumor by implication in constructing a perspective of feature selection in radiogenomics-oriented
models. Das and Goswami [21] presented a detailed coverage of architectures under deep, hybrid and transfer learning.
Synthesis of these was earmarked as a foundational meta study. The improved UNet variant with better spatial
consistency was proposed by Kusuma and Reddy [22] while offering a hybrid Mask R-CNN with KNN post-classification
pipeline was Tiple and Kakade [23]. Through longitudinal monitoring via CT radiomics, Connor et al. [24] demonstrated
how this might complement MRI-based tumor dynamics, while the more recent CMIT-Net by Xu et al. [25] applied cross-
modal transfer learning for robust multi-modal segmentations.

3. Proposed Model Design Analysis

The proposed integrated framework is a dual-stage multi-scale attentional convolutional network that fulfills brain tumor
segmentation requirements from multimodal MRI data samples. This architecture synthesizes five analytical novel
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modules tightly bound to play different roles within the segmentation output to improve spatial, contextual, and
boundary precision sets. The whole model builds its foundation on a multi-branch encoder-decoder backbone with cross-
modal fusion, a temporal feedback mechanism with transformed feature modulation, and dual-domain consistency
enforcements. The final output is refined using IOU Informed pseudo-labelling under semi-supervised settings. Initially,
as per figure 1, At the heart of the model lies the Cross-Modal Multi-Scale Consistency Attention (CMSCA) module which
dynamically fuses modality-specific features. Let Fms be the feature maps from modality m in {T1, T2, FLAIR, T1ce} at

(T1MRI) (T2MRI1) (FLARMRI) (Tice MRI)
v

scale s in {1, 2, 3} sets.

TFAIMU

(GERA GCN) Stage1 Out)

l /
(scL)  (Pseudoiou)

(Final Segmentation)

Figure 1. Model Architecture of the Proposed Analysis Process

A cross-modality consistency map Amns is computed as the cosine similarity between modality pairs 'm' and 'n’, defined
Via equation 1,

Amns(i, ) = (Fms(i, ), Fns(i, j)) N

[IFms@DI|* - |IFrsG@ DI + &
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These attention weights are normalized and aggregated to obtain the fused multi-scale feature map FCMSCAs Via
equations 2 & 3,

M
FCMSCAs = Z ams - Fms ...(2)
{m=1}
2{n¢m}AmnS
ams = 5———...(3
Y mny Amns ®

Hence, the Dual-Domain Gradient Agreement Loss (DDGAL), applied on both spatial and frequency representations to
ensure exact boundary preservation. Let P be the predicted mask and G the ground truth in process. The Sobel gradient
loss is given Via equation 4,

0
Lgrad = f [IVP(x,y) — VG(x,y)||* dx dy ...(4)
0

Iteratively, Next, as per figure 2, In the frequency domain, the DCT of the predicted and ground truth masks, F(P) and
F(G), are compared Via equation 5,

U v
Lfreq = Z Z (F(PYwv — F(G)uv)? ...(5)
{u=0} {v=0}
The combined dual-domain agreement loss is defined Via equation 6,

LDDGAL = AlLgrad + A2 Lfreq ...(6)
Subsequently Iteratively, Next as to figure 3, To train in addition according to performance history, the Epoch-wise

learning feedback mechanism is introduced in process by Temporal Feature Accumulation with IOU Memory Units
(TFAIMU). Define the class-wise IOU at epoch “t” as IOUc(t) in process. A memory weighted feature importance scalar
pc(t) is computed Here Via equation 7,

uc@®) =B - puct—1D+ (A1 —-p)- 10Uc(t) ...(7)
These scalars modulate mid-level encoder features Fc Via equation 8,

F'c = uc(t)- Fc...(8)

Thus, providing dynamic class-specific emphasis based on learning progressions. Spatial coherence is further reinforced
through Graph-Enforced Regional Attention with Structural Consistency Loss (GERA-SCL) Sets. Each MRI slice is over-

segmented into N superpixels forming a graph G = (V, E) Sets. Let “hi” be the feature of node “i” and the adjacency matrix
be A(j, j) sets. The GCN update rule is represented Via equation 9,

1 1 Nty .
Bl = & U;‘m (rt(di dj)) AGHW O’ D) | .. 9)
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Figure 2. Overall Flow of the Proposed Analysis Process

A structural consistency loss is then introduced to penalize label mismatches between adjacent nodes Via equation 10,

LSCL = Z 9i = 94117 ... (10)
{G.))eE}
Iteratively, Next, as per fiture 3, ADPIFR module refines predictions on unlabelled data samples using pseudo labels. To

achieve this, a discriminator D¢ is trained to classify segmentations as either real (from G) or fake (from P) in the words of
the model; the 'pseudo’ IOU confidence maps y{(x,y) are estimated Via equation 11,

P(x,y) = J(D¢(P(x,y))) .. (11

Input:
e  Preprocessed multi-modal MRI scans (T1, T2, FLAIR, Tlce)
e  Ground truth segmentation maps (for supervised training)
e  Unlabelled MRI scans (for semi-supervised refinement)
Output:
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Figure 3. Pseudo Code of the Proposed Analysis Process
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These maps guide the refinement loss Lrefine as a spatially weighted combination of Dice and Cross-Entropy Via equation
12,

Lrefine = Z 7e,y) - (LDice(P,G) + LCE(P,G)) ... (12)
{xy}
The final objective function of the entire architecture integrates all modules with tunable weights 0i, yielding the unified

loss via equation 13,

LTotal = 61 LBCE + Dice + 62 LDDGAL + 63 LSCL + 64 Lrefine ...(13)
The final output segmentation map § is obtained by feeding the refined feature map Ffinal into a softmax classifier 1, via
equation 14,

S = Y(Ffinal) = Softmax(Wo - Ffinal + bo) ...(14)
This chain of blocks integrates cross-modal fusion, time adaptation, frequency-spatial structural alignment, and feedback-
based refinement, thereby forming a completely building block of the segmentation pipeline. The multifaceted nature of
segmentation calls for the joint tackle of major bottlenecks: modality misalignment, boundary inaccuracy, training
instability, and semi-supervised uncertainty sets. Each component is designed, theoretically speaking, in a way that can
best support the other and in which three components of contextual, structural, and temporal nature of the segmentation
task are all cohesively optimized together in process.

4. Comparative Result Analysis

The proposed multi-scale attention-driven CNN framework with dual-stage IOU optimization was evaluated under
experimental conditions meticulously designed to ensure rigor, reproducibility, and contextual relevance to clinical
imaging standards to achieve maximum reliability sets. Experiments were carried out with the BraTS 2020 dataset of multi
Institutional multi-modal MRI scans of glioma patients with pixel-wise expert annotations for three tumour subregions:
enhancing tumour (ET), tumour core (TC), and whole tumour (WT). The dataset contains 369 training cases and 125
validation cases, each with four modalities: T1, Tlce, T2, and FLAIR. All volumes were skull-stripped and preprocessed to
an identical resolution of 1 mm? 240x240x155 voxel dimension. Training and evaluation were done by extracting 2D axial
slices normalized to zero mean and unit variance. Approximately 75% of the dataset was assigned to training, 15% to
validation, and 10% to testing. To enhance robustness, various data augmentation techniques such as random flipping,
rotation (£15°), elastic deformation (=10, 0=2), and contrast limited adaptive histogram equalization (CLAHE) were
applied. The input MRI modalities were concatenated along the channel axis and fed to the model at a resolution of
240x240. The batch size was set to 8; the initial learning rate was fixed at le-4 with a cosine annealing schedule; and the
optimization used the Adam optimizer with 1 = 0.9 and 2 = 0.999. The model was trained for 200 epochs using an
NVIDIA RTX A6000 GPU with 48 GB of VRAM. The loss weights of the total loss function were empirically set as 6, = 1.0
(BCE+Dice), 6, = 0.5 (DDGAL), 65 = 0.3 (SCL), and 6, = 0.7 (refinement) based on a cross Validated grid search in the
process. The average training and inference time per volume was around 3.2 seconds. All experiments were implemented
in PyTorch 2.0 under CUDA 12.1, ensuring reproducibility by fixing random seeds and operating in deterministic modes.

To mimic in real scenarios the semi-supervised conditions, 20% of the training constitutes were withheld from label access
and used exclusively in the ADP IFR pseudo-labelling refinement stage. Pseudo IOU estimators pretrained using labelled
predictions were applied to guide second-stage optimization with spatially modulated pseudo-confidence maps. The IOU
Memory Unit was initialized with zeros and updated once every five epochs using an exponential moving average with
decay 3=0.8. Structural graph representations for the GERA module were computed by SLIC superpixels (compactness=10,
region size=20) followed by nearest-neighbors graph construction (k=6) for each slice. In the DDGAL module, gradient and
frequency domain components were evaluated using Sobel filters and 8x8 Discrete Cosine Transform blocks, respectively.
Sample qualitative results include accurately defining the irregular tumour boundaries in high-grade gliomas (e.g., large
WT + focal ET) and low-contrast non-enhancing tumour regions. In the context of cases with peritumoural edema
extending into the FLAIR domain but suppressed in T1ce, the CMSCA module showed superior inter-modal consistency
by adaptively suppressing the ambiguous texture zones. The validation metrics on BraTS 2020 validation set yielded a
mean Dice score of 0.897 (WT), 0.862 (TC), and 0.849 (ET), followed by the respective IOU values of 0.813, 0.774, and 0.751
Sets. The Hausdorff distance was reduced to 4.2 mm (WT), 3.7 mm (TC), and 5.3 mm (ET), thus ensuring a great degree of
substantive improvements in structure sets. These results were consistently seen across both high-contrast and low-
contrast tumour samples, thus validating the robustness of the proposed framework in varied clinical cases.
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The experiments performed in this work employed the BraTS 2020 (Brain Tumour Segmentation Challenge) dataset, which
is the most common benchmark in neuro-oncology image analysis. The dataset comprises multi Institutional pre-operative
MRI scans of patients diagnosed with glioblastoma (GBM) and lower-grade glioma (LGG), annotated by expert
radiologists. Each patient sample includes four MRI modalities —T1-weighted, T1 post-contrast (T1ce), T2-weighted, and
FLAIR—captured at a spatial resolution of 1 mm? and standardized to a 240x240x155 voxel format. The dataset provides
voxel-level ground truth segmentations of three tumour subregions: enhancing tumour (ET), tumour core (TC), and whole
tumour (WT). The training set includes 369 cases with full annotations, while the validation set contains 125 cases, and the
testing set is provided without labels for external evaluation. The dataset reflects a range of tumour sizes, textures, and
anatomical variability, making it a clinically relevant and challenging benchmark for robust model validation in process.

These hyperparameters were tuned specifically to ensure the model training produced optimal learning dynamic and
convergence. Initially, the learning rate was set up at le-4 and was modified with a cosine annealing scheduler to explore
between exploration and fine-tuning phases. A batch size was set to 8 to have a balance between memory and stability in
gradient. From the Adam optimizers, there were momentum parameters (31 = 0.9 and [, = 0.999. It has been run for a
period of 200 epochs together with the loss weights defined as follows: 6, = 1.0 for BCE+Dice loss, 6, = 0.5 for DDGAL, 65 =
0.3 for SCL, 64 = 0.7 for ADP IFR refinement, based on cross Validated grid search. In the setup of IOU memory update
frequency, it was determined that IOU memory would update once every 5 epochs with decay parameters of 0.8. For the
GERA module, region-based size 20 and compactness 10 to SLIC superpixels were set, and a graph was constructed with
the nearest neighbors (k=6) to capture local structure without overfitting. This collection of hyperparameters was designed
to improve boundary sensitivity, modality alignment, and structural consistency in the tumor regions within the image
sets.

The present version of the model has been tested on multi-segmentation tasks of different tumor regions from the BraTS
2020 data set using different evaluation metrics. Performance comparisons are done against three benchmark models
published recently as Method [3], Method [8], and Method [25]. The analysis distinguishes in Dice and IOU in
segmentation accuracy, Hausdorff Distance in boundary precision, and structural/topological consistency. All evaluations
were carried out on the same pre-processed data subset and following equal training and validation protocols.

WEm Method [3] MM Method (8] WEB Method [25] S Proposed Model
rerrormance vetrics ACross vetnoas
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Figure 4. Model's Integrated Result Analysis

Table 2: Dice Score Comparison across Tumour Subregions (BraTS 2020 Validation Set)
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Method Whole Tumour (WT) Tumour Core (TC) Enhancing Tumour (ET)
Method [3] 0.871 0.832 0.798
Method [8] 0.880 0.841 0.822
Method [25] 0.866 0.829 0.809
Proposed Model 0.897 0.862 0.849

According to Table 2, the proposed system is significantly better than others for all tumor subregions, the largest
improvements being observed in the enhancing tumor region (ET), where the Dice score was about 3.2% better than the
best competing method sets. This clearly indicates the superiority of the model in identifying small and irregular tumor
regions by which it is often associated with reduced contrast and sets of annotation ambiguity sets.

Table 3: Intersection over Union (IOU) Comparison across Tumour Subregions

Method WT IOU TCIOU ET IOU
Method [3] 0.783 0.745 0.711
Method [8] 0.791 0.758 0.726
Method [25] 0.775 0.739 0.718
Proposed Model 0.813 0.774 0.751

From Table 3, it shows that this proposed model can achieve the highest IOU scores across all regions, hence inducing a
good spatial overlap with ground truth annotations. The increase of IOU on tumor core and enhancing tumor regions
implies that the dual-stage process of optimization based on IOU and the fine-tuning stage with pseudo-labels are effective
in delineating hard-to-segment regions within the process.
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Figure 5. Model’s Overall Result Analysis
Table 4: Hausdorff Distance (95%) Comparison in Millimeters
Method WT HD95 TC HD95 ET HDY95
Method [3] 6.1 5.4 7.9
Method [8] 5.6 48 6.5
Method [25] 6.4 5.2 7.1
Proposed Model 4.2 3.7 5.3

Hausdorff distance (95th percentile) for each tumor type is illustrated in Table 4; memory set the boundary precision
ranges. The proposed model reduces HD95 significantly between the tumor core and enhancing tumor regions, signifying
it consents more accurate and less fragmented boundary delineations. The dual-domain gradient agreement loss badgers
the model to simultaneously focus on edge continuity and frequency alignments to effectuate such improvements in
process.

Table 5: Structural Consistency Score (Superpixel Coherence Ratio)

Method WT Score TC Score ET Score
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Method [3] 0.85 0.80 0.76
Method [8] 0.87 0.82 0.78
Method [25] 0.84 0.79 0.75
Proposed Model 0.91 0.86 0.82

As shown in Table 5, the percentage of superpixels in which the predicted labels maintain spatial coherence throughout
processing was measured in this structural consistency score in process. This allows validating that the proposed model
gets a higher coherence ratio and hence affirms the value of the GERA-GCN module in preserving the anatomical
structure during segmentation sets, avoiding spatial artifacts which might affect further clinical interpretations of the
process.

Table 6: Improvement in Minority Class Accuracy (ET) across Epochs

Epoch Method [3] Method [8] Method [25] Proposed Model
50 0.712 0.738 0.725 0.767
100 0.740 0.755 0.744 0.801
150 0.765 0.772 0.757 0.839
200 0.798 0.822 0.809 0.849

Table 6 shows how the accuracy of the enhancing tumor (ET) class developed over the training epochs. The proposed
model achieves steeper and more stable gains than other models here because of the feedback from the IOU memory units
and the refined stage-wise strategy in ADP IFR, which shows that the model under training concentrates mainly on

underrepresented and structurally complex areas.

Table 7: Semi-Supervised Performance on Unlabelled Samples (Pseudo IOU Confidence > 0.75)

Method WTIOU TCIOU ET IOU
Method [3] 0.735 0.702 0.673
Method [8] 0.748 0.715 0.686
Method [25] 0.721 0.709 0.678
Proposed Model 0.793 0.751 0.737

Table 7 evaluates performance on unlabeled validation slices which have been processed through the pseudo-labeling
pathway sets. Under semi-supervised conditions, the proposed model proves superior against all baseline approaches in
all tumor subregions. This proves the worth of the pseudo IOU confidence mechanism and adaptive weighting in the
second stage of the ADP IFR model, which takes their generalization power in data-scarce clinical scenarios one step
further in the process. Collectively, these six tables indicate that the proposed model universally overcomes three state-of-
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the-art references across all significant segmentation benchmarks, particularly excelling in boundary refinement, structural
coherence, and minority region concentration under both supervised and semi-supervised conditions. These advances
validate the effectiveness of the cross-modal attention, IOU-driven feedback learning, and structural regularization
enhancement with dual-stage refinement all unified into the same segmentation framework sets.

Validated Result Analysis

The experimental results that form Tables 2 to 7 give a comprehensive evaluation of the proposed segmentation
framework under different operational conditions, indicating its real-world clinical relevance. Tables 2 and 3 report Dice
scores and IOU metrics, respectively, which provide evidence of the proposed framework being most accurate among all
three tumor subregions: whole tumour (WT), tumour core (TC) and enhancing tumour (ET). This improvement is not
marginal but consistently shows a difference of 2-4% compared with existing methods [3], [8], and [25]. Hence, in clinical
environments where even small increases in precision provided by such segmentation can favorably determine or actually
realize better delineation of critical structures, improved surgical planning, and even volumetric assessments more
accurately for treatment response tracking, this becomes very significant in process. The maximum gain was seen in the ET
region, which usually proves hardest due to its more irregular morphology and smaller size sets. The attention-guided
multi-modal fusion and IOU-driven feature adaptation significantly contributed to these improvements in process.

The second major observation presented in Table 4 regarding the structural aspect is a considerable drop in HD95,
especially in the classes of the tumour core and enhancing tumour. In practice, HD95 is a value that matters a lot because it
marks how the predicted boundaries agree with expert annotations. An HD95 decrease of more than 2 mm for the
enhancing tumour class, therefore, indicates that the model can capture fine structural variations, which is extremely
important for highly accurate tasks such as stereotactic radiosurgery or guidance of biopsy needles. Further, higher values
of structural consistency scores were observed in Table 5 from superpixel coherence analysis. Thus, this finding validates
the GERA-GCN module under consideration, which helps in the maintenance of anatomical and topological fidelity
against aberrant spatial misclassifications occurring throughout the tumour boundaries. From a practical point of view,
this significantly boosts the dependability of segmentation tools which are in use within routine clinical pipelines
maintaining a huge variation in multisite imaging due to scanner artifacts and intensity profiles.

Training dynamics represented in Table 6 suggest that the model was capable of gradually shifting its focus toward
difficult subregions about training the rest of the time. The enhancing tumour accuracy, often the bottleneck in
segmentation tasks, is increased rapidly with IOU memory-guided attention and dual-stage feedback, where the model
shows empirical evidence of sustaining outperformance over the reference methods as training proceeds where that is
even more pronounced, especially in the ET region. Clinically, this allows for efficient training with fewer epochs while
achieving better performance, which is an essential consideration where models are adapted to small institution-specific
datasets or where iterative clinical feedback is required during model deployments.
The semi-supervised model robustness illustrated in Table 7 underlines its appropriateness for a real-world mechanism
where labelled data could be scarce or partially available in process. The wide performance margin on pseudo-label
inference demonstrates that ADP IFR incorporates uncertainty-aware refinement, too; thus, the model suits large-scale
screening or initial diagnostic tasks in less fortunate environments. Even hospitals and diagnostic centers with limited
access to radiological annotation resources can reap strong segmentation performance by this semi-supervised extension
in process.

In all, the results indicate that each one of the proposed model's core modules is contributing in a unique way to uniquely
and effectively resolving some lingering challenges in brain tumour segmentation. Improvements in accuracy, boundary
sharpness, structural coherence, and label efficiency are amplified into tangible clinical improvements in accuracy,
effectiveness of the workflow, and more patient-specific treatment planning. These experimental insights confirm that the
proposed architecture is likely to be the best performing on research benchmarks and very well positioned for
implementation in high-stake medical imaging sets.

Validated Hyperparameter & Baseline Detailed Analysis
The proposed dual-stage IOU optimized segmentation model is compared based on a very sound statistical framework

that not only reported on the central tendencies of the performance metrics but also their variance over repeated trials.
Performance metrics including Dice score, Intersection over Union (IOU), and Hausdorff Distance (HD95) were reported
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as mean + standard deviation across five independent runs with random data shuffling and augmentation. For the BraTS
2020 validation set, the proposed model showed mean Dice scores of 0.897 + 0.004 for whole tumour (WT), 0.862 + 0.006 for
tumour core (TC), and 0.849 + 0.005 for enhancing tumour (ET). For which, the corresponding IOU values were 0.813 +
0.005 (WT), 0.774 + 0.007 (TC), and 0.751 + 0.006 (ET). The very low standard deviations indicate strong stability and
robustness of the model across different training regimes.

To examine the statistical significance of the performance gains, paired t-tests were performed for a comparison of the
proposed model with each of the three reference methods, Method [3], Method [8], and Method [25] on 20 randomly
chosen validation cases using the Dice and IOU statistics. In all tumour subregions, the differences in means were
statistically significant at p < 0.01 between the proposed model and both Method [3] and Method [25] from their
comparisons. For the cases compared with Method [8]-the strongest of the baseline methods-such significant difference
remains only in the tumour core and enhancing tumour areas, thus confirming the consistent and reproducible
performance enhancement ever since among the different variants of the proposed model, which should rule out random
fluctuation as the reason. The HD95 score in those cases that tested lower than p < 0.01 against Method [3] and Method
[25], and Method [8] at p < 0.05, have shown to have significant reductions.
The baseline choice, Method [3], Method [8], and Method [25] for comparison was mainly based on their technical
representativeness and prevalence in recent literature. Method [3] represents a convenient encoder-decoder CNN using
Dice loss with deep supervision, making it a strong yet interpretable baseline. Method [8] brings in a modality attention
mechanism and pyramid pooling thus it constitutes a modern architectural enhancement with context-aware fusion while
being an ideal counterpart to evaluate whether and how well the CMSCA module of the proposed work sets is
functioning. Method [25], on the other hand, made a hybrid design philosophy integrating their boundary-aware loss
functions and their residual-feature refinement that emphasizes structural fidelity sets. Lastly, the three mentioned models
were chosen not only due to their architectural diversity but also due to their prior benchmarking on BraTS datasets,
ensuring that the comparison was grounded on implementations with verified clinical relevance and public
reproducibility in the process.

The variance analysis carried out on folds revealed that the proposed model possesses a higher degree of consistency in
performance, particularly in complex structures of the tumors like ET. The higher temporal feedback via the TFA IMU and
structural regularization through the GERA module have probably aided in this performance consistency. In the ADPIFR
phase, pseudo-labelling maintained a lower variance effect, even under semi-supervised conditions, with performance
standard deviations reported at +0.007 across all tumor sub-regions. These observations emphasize that the proposed
model undergoes well generalization while exhibiting statistical reliability, an important factor towards its practical
integration in real-time clinical systems, where the tolerance for variability in segmentation will be very low for diagnostic
safety sets.

Validation using Practical Use Case Analysis

To exemplify a practical scenario, consider a 62-year-old patient presenting with early neurological signs such as focal
seizures and cognitive decline. MRI scans are performed under standard multimodal protocols, providing axial slices of
T1-weighted, T1 post-contrast (T1ce), T2-weighted, and FLAIR sequences. The images are pre-processed to unify a size of
240 x 240 pixels per slice and are normalized to a zero mean with a unit variance. These multimodal inputs reach the
proposed model to be further processed through the Cross-Modal Multi-Scale Consistency Attention (CMSCA) module.
Here, features for each modality are extracted at three resolution levels, and inter-modality consistency is computed using
attention weights. The FLAIR and T2 modalities were found to be in the strongest correlation in the peritumoural edema
region, while Tlce gave greater contrast into the tumour core. This guided fusion then enables precise feature mapping of
the heterogeneous zones in the tumour. While traversing through TFA IMU, the attention to features associated with the
underperforming enhancing tumour (ET) class in the latter iterations is guided by the class-specific IOU scores from the
past epochs. The decoder network would then use this information to provide an initial segmentation mask delineating
the entire tumour, core, and enhancing regions.
This output now gets an additional refinement through Adaptive Dual-Stage Pseudo IOU Feedback Refinement (ADP
IFR). In this stage, the model is contrasting its prediction against the confidence scores, which are produced by a
discriminator trained to estimate pseudo IOU values. For instance, if the ET region is seen at lower confidence (e.g.,
pseudo IOU = 0.71) because of low contrast in a few slices, then the model gives greater loss weight to those voxels during
second-stage optimization. During this optimization, the Dual-Domain Gradient Agreement Loss (DDGAL) makes sure
that the spatial gradients of the prediction match with the ground truth boundary gradients while also ensuring frequency
similarity using DCT coefficients. Graph-Enforced Regional Attention-Structural Consistency Loss (GERA-SCL)
superpixel-based graphs help ensure label consistencies in anatomically neighboring regions so that neighboring regions
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in the tumour periphery receive coherent segmentations. From this final segmentation map, the model achieved an IOU of
0.77 for the tumour core, 0.75 for enhancing tumour, and 0.81 for whole tumour sets. The HD95 distance for enhancing
tumour was narrowed to around 5.2 mm, suggesting high accuracy in boundary delineation sets. Further, this final output
will help radiologists in planning resection margins and support downstream tasks like radiomic feature extraction for
prognosis modelling or survival prediction, thereby highlighting the clinical importance of the proposed system in real-
time diagnostic workflows currently under testing in process.

5. Conclusion & Future Scopes

A novel dual-stage IOU optimized, multi-scale attention-driven convolutional framework has been developed for brain
tumour segmentation using multi-modal MRI. The proposed model integrated five analytically distinct and technically
complementary components: here, Cross-Modal Multi-Scale Consistency Attention (CMSCA), Dual-Domain Gradient
Agreement Loss (DDGAL), Temporal Feature Accumulation with IOU Memory Units (TFA IMU), Graph-Enforced
Regional Attention with Structural Consistency Loss (GERA-SCL), Adaptive Dual-Stage Pseudo IOU Feedback
Refinement (ADP IFR). These modules were aimed at resolving the major issues in multi-modal fusion, boundary
accuracy, ease of training, and generalization under semi-supervised conditions. The framework has gained substantial
improvements in performance over three state-of-the-art methods, validated on BraTS 2020 dataset & samples.
Quantitatively, the model's Dice scores of 0.897 (WT), 0.862 (TC), and 0.849 (ET) surpassed Method [8] by margins of
+1.7%, +2.1%, and +2.7%, respectively. For the congruous IOU scores, the values were 0.813 (WT), 0.774 (TC), and 0.751
(ET), again bettering the best competing baseline by approximately +2.2% on average. Otherwise, these Hausdorff
distances were minimized to 4.2 mm (WT), 3.7 mm (TC), and 5.3 mm (ET), representing an enhancement of more than 1.5
mm in average boundary accuracy. Structurally, the model maintained a superpixel coherence of 0.91, 0.86, and 0.82 across
the tumour subregions, indicative of maintaining anatomical consistency. The semi-supervised evaluation further
confirms robustness, with pseudo IOU guided refinement accomplishing IOU score values of 0.793 (WT), 0.751 (TC), and
0.737 (ET) on unlabeled data samples. What is realized from these results deem the proposed architecture a noteworthy
advancement for segmentation performance and its clinical usability in process.

Future Scope

The proposed model performs segmentation fairly well and is aware of structures, but still there are many avenues of
improvement sets. Firstly, integration of 3D spatial priors can help contextualize information straight away beyond mere
slice level analysis in two-dimensional space. Improving the framework further into volumetric space, for instance with
hybrid 2D-3D CNNs or transformer-based fusion layers, would provide better inter-slice consistency and volumetric
continuity. In addition, the proposed approach could be adapted with the help of domain adaptation techniques to
heterogeneous datasets acquired from different MRI scanners or clinical institutions without requiring manual fine-tuning
of the model. This would increase the applicability of the method in multi-center deployments. Further progress can occur
in terms of adding uncertainty quantification to the pseudo-labelling pipeline. Bayesian deep learning or Monte Carlo
dropout strategies provide per-pixel confidence estimates to improve clinical locality in identifying ambiguous regions.
Along these lines, instantaneous feedback loops from clinicians where the recommendations generated by segmentation
may be refined by user correction are proposed to form semi Interactive modalities for intraoperative or radiotherapy
planning sets. Finally, expanding the framework for other types of brain abnormalities, such as metastases, demyelinating
lesions, or post-surgical cavities, would achieve its generalization to a wider range of neuro-pathologies in process.

Limitations

However, notwithstanding very strong empirical performances, the model has some limitations. First, the existing
implementation depends on 2D axial slices, leading to loss of inter-slice contextual information critical for complex tumour
morphologies, which extend across multiple planes. Second, the graph construction based on superpixels implies almost
uniformity in texture granularity; therefore, it might not be optimal when dealing with diffuse infiltrative tumours or
heterogeneous enhancement patterns. Third, pseudo-labelling is good, very effective for low-label environments; however,
its effectiveness depends highly on the quality of initial predictions and fine-tuning of the discriminator, as overconfident
false predictions can set off erroneous propagation during refinement sets. Moreover, the training process comprises a
multi-stage pipeline with great interdependence, raising the computation complexity and hypersensitivity to
hyperparameters in the process. Although the model gives good results in BraTS 2020, it is still in rigorous validation in
process concerning its assertion in generalizing to real-world MRI datasets characterized by high noise, motion artifacts,
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and various missing modalities. Moreover, the model can improve on interpretability, especially regarding what clinical
rationale stands behind attention weights or IOU memory-guided adjustments, by integrating explainable AI methods.
Future work addressing those limitations will be essential in moving the proposed model from the confines of research to
the clinical environment sets.
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