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Abstract: Accurate segmentation of brain tumour sub-regions from multi-modal MRI remains clinically challenging, as
conventional three-dimensional U-Net architectures are hampered by vanishing gradients, indiscriminate skip-connection
propagation, and insufficient multi-scale supervision, collectively limiting robust delineation of heterogeneous tumour
components on the BraTS 2020 benchmark. An Enhanced Three-Dimensional Attention U-Net with Deep Supervision is
proposed, trained on 1283 isotropic volumes from three MRI modalities (FLAIR, Tlce, T2) using stochastic multi-
transform augmentation and a composite class-weighted Dice—focal-boundary loss to jointly address class imbalance and
imprecise enhancing tumour delineation. The architecture incorporates a fully residual encoder—decoder backbone with
graduated spatial dropout (0.10-0.30), soft spatial attention gates at every skip connection to suppress background
activation, and a resolution-aware deep supervision scheme weights with morphological post-processing to enforce
anatomical plausibility. The proposed method achieves Dice scores of 0.817, 0.811, and 0.846 for enhancing tumour,
tumour core, and whole tumour respectively, with HD95 values of 2.95, 3.24, and 3.97 mm, demonstrating superior
boundary precision over nnU-Net, Swin UNETR, TransUNet, H2NF-Net, and ACU-Net, confirming the clinical viability of
the integrated framework for precise multi-class brain tumour segmentation.

Keywords: Brain Tumour Segmentation, Multimodal MRI, Attention U-Net, Residual Learning, Deep Supervision, Brats 2020,
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l. INTRODUCTION benchmark setting, deep convolutional neural networks

(CNNs) based on U-Net-style encoder—decoder architectures

Automatic segmentation of brain tumours from
multi-modal magnetic resonance imaging (MRI) has become
a core component of modern neuro-oncology, with
applications in pre-operative planning, radiotherapy target
delineation, and objective monitoring of treatment response
[1]. The Brain Tumor Segmentation (BraTS) challenges have
played a central role in standardizing this task by providing
multi-parametric MRl cohorts and voxel-wise expert
annotations for enhancing tumour (ET), tumour core (TC),
and whole tumour (WT) subregions [2]. Within this
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dominate the state of the art for brain tumour segmentation
[3]. Despite substantial advances, these CNN pipelines
continue to exhibit several characteristic limitations related to
network depth, skip-connection design, supervision strategy,
and loss formulation, which collectively hinder robust
delineation of small, heterogeneous, and clinically critical
tumour components [4].

Current BraTS pipelines predominantly rely on 2D or
3D U-Net variants trained end-to-end on multi-modal MRI
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volumes [5]. Standard 2D slice-based models are attractive
due to their lower memory footprint and the ability to use
larger batch sizes; however, they inherently discard
through-plane context and may struggle to capture complex
three-dimensional tumour morphology [6]. Conversely, 3D
U-Nets preserve volumetric neighborhood information along
all axes, leading to improved spatial coherence, but incur
substantially higher computational and memory costs. In
practice, many reported 3D architectures for BraTS are
relatively shallow, with limited encoder depth and modest
channel counts, to maintain trainability under realistic
hardware constraints [7]. This restriction curtails the
representational capacity of the network and can result in
suboptimal modelling of the highly variable intensity
patterns and shapes observed in gliomas across patients.

Residual learning has been introduced in numerous
segmentation networks to ease optimization of deeper
architectures by providing identity shortcuts across
convolutional blocks[8]. Residual U-Net variants for brain
tumour segmentation have demonstrated improved
convergence behavior and the ability to train deeper models
without severe degradation of performance [9]. Nevertheless,
in many existing works, the incorporation of residual
connections is partial or asymmetric, restricted to either the
encoder or the decoder, or confined to only a subset of
feature extraction stages [8]. As a consequence, gradient flow
remains constrained, and the full potential of a consistently
residualised 3D encoder—decoder hierarchy is not exploited
for BraTS [10]. A fully residual volumetric architecture, in
which every convolutional block in both encoder and
decoder participates in a residual pathway, has the potential
to support deeper hierarchies while maintaining stable
gradients across many layers [11].

A further weakness of conventional U-Net-style models
lies in their treatment of skip connections. Classical
long-range skip pathways simply concatenate encoder feature
maps with decoder activation at matching resolutions,
indiscriminately transmitting both tumour-relevant signals
and background clutter [12]. In multi-modal brain MRI,
normal anatomical structures, imaging artefacts, and noise
can all produce complex intensity patterns that resemble
pathology, particularly at boundaries and in peritumoral
regions [13]. Passing such features unfiltered into the
decoder can amplify false positives and blur tumour borders
[14]. To alleviate this problem, attention mechanisms have
been incorporated into U-Net variants, using spatial, channel,
or hybrid attention modules to reweight features before
fusion [15]. Attention-based models have reported notable
improvements in brain tumour segmentation performance by
suppressing irrelevant background regions and focusing on
salient tumour areas. However, many existing attention
designs are relatively shallow, originate from 2D natural
image tasks, or are only applied to a subset of skip
connections. In several cases, attention is implemented at a
single or small number of scales, thereby limiting its impact
on the global information flow through the network. There
remains a need for a systematically attention-gated 3D
architecture, in which all skip connections are equipped with
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soft spatial gates that use decoder context to modulate
encoder features across all levels [16].

Deep supervision has emerged as another strategy to
improve optimization of encoder—decoder networks [17]. By
attaching auxiliary output heads at intermediate decoder
depths and incorporating their predictions into the overall
loss, deep supervision provides multi-scale gradient signals
and encourages intermediate feature maps to be directly
discriminative[18]. For medical image segmentation, deep
supervision has been shown to accelerate convergence and
enhance robustness of training, particularly in deep
architectures and in the presence of limited training data[19].
In the BraTS context, several works have adopted deep
supervision on U-Net or nnU-Net backbones, reporting gains
in segmentation quality [11, 20]. Nevertheless, deep
supervision is often integrated in an ad hoc manner, with
little justification for the number and placement of auxiliary
heads or the specific weighting of their associated losses
[21]. Uniform or heuristically chosen weights may either
dilute the influence of the final full-resolution prediction or
over-emphasize coarse scales, leading to inconsistent
behavior. A more principled design, in which deep
supervision is tightly coupled to the decoder hierarchy and
combined with a resolution-aware weighting scheme, is
required to realize its full benefits in a deep 3D attention
architecture.

Loss function design constitutes an additional critical
dimension in the development of robust BraTS pipelines [22,
23]. The segmentation of brain tumour exhibits pronounced
class imbalance, as background voxels vastly outnumber
tumour voxels and enhancing tumour regions can occupy
only a very small fraction of the volume [24, 25]. Standard
cross-entropy loss is highly sensitive to this imbalance and
tends to bias predictions toward the majority class.
Region-overlap metrics such as Dice loss and its
generalizations mitigate some of these issues by directly
optimizing for overlap between predicted and ground-truth
regions, and are now widely adopted in BraTS networks [14,
26]. However, Dice-based objectives can exhibit unstable
gradients when target regions are tiny or absent and may be
dominated by large, easy subregions [24]. Focal loss
formulations address the dominance of easy examples by
down-weighting high-confidence predictions and
emphasizing hard voxels near region boundaries, yet they
remain voxel-level and may not fully align with region-level
performance metrics. Boundary-aware losses, including
distance-map and gradient-based penalties, explicitly
encourage accurate alignment of predicted and true interfaces
and have been reported to improve delineation of complex,
irregular tumour margins [26, 27]. Despite these
developments, relatively few studies integrate region-level,
voxel-level, and boundary-focused losses into a unified
objective tailored to multi-class brain tumour segmentation,
and even fewer explicitly tune class- and region-specific
weights to priorities clinically important sub-regions such as
enhancing tumour [28].

Post-processing of CNN outputs is also a non-trivial
component of high-quality BraTS pipelines [29, 30]. Simple
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connected-component analysis and morphological operations
are typically used to remove small isolated predictions and
fill holes; however, these operations are often generic and not
explicitly aligned with the anatomical and clinical
characteristics of ET, TC, and WT labels. In particular, the
thresholding of small enhancing tumour components
involves a delicate balance between suppressing noise-driven
false positives and preserving genuine but small lesions[30].
More structured post-processing schemes that take into
account the topology and relative configuration of sub-
regions can further regularize CNN outputs and improve
quantitative metrics, but such schemes remain comparatively
under-explored [31].

These converging limitations point to the need for
integrated solutions that jointly address architectural design,
feature gating, supervision strategy, and objective
formulation in 3D CNN-based BraTS pipelines [21]. In this
work, an enhanced three-dimensional attention U-Net with
deep supervision (3D-AUNet-DS) is proposed to tackle these
challenges on the BraTS-2020 benchmark. The architecture
operates on cropped, isotropic 3D volumes derived from
multi-modal MRI and adopts a fully residual encoder—
decoder backbone: every feature extraction stage in both
encoder and decoder is implemented as a residual
convolutional block, providing consistent identity shortcuts
throughout the network. This configuration improves
gradient flow over many convolutional layers and supports
deeper volumetric hierarchies than plain 3D U-Nets of
comparable parameter count [32].

A key architectural feature of the proposed
3D-AUNEet-DS is the deployment of soft spatial attention
gates on all skip connections. At each decoder level, the
corresponding encoder feature map is modulated by an
attention gate driven by the local decoder context, yielding
an attended feature map in which tumour-relevant spatial
locations are amplified and background regions are
suppressed[33, 34]. These attention-gated skip connections
reduce the propagation of noisy activation, sharpen the focus
of feature fusion, and are consistently applied at every spatial
scale, in contrast to previous designs that only sparsely
integrate attention. In combination with residual blocks, this
yields an architecture that is both deeper and more selective
in its handling of multi-scale features [35].

To further stabilize optimization and enforce
discriminative learning at multiple resolutions, the decoder is
equipped with several auxiliary output heads, forming a deep
supervision scheme tightly coupled to the network hierarchy
[36, 37]. Each auxiliary head produces a four-class
probability map at its native resolution, which is then
up-sampled to full resolution for loss computation. The
associated losses are combined using a resolution-aware
weighting strategy that assigns the largest weight to the final
full-resolution prediction while still preserving substantial
contributions from intermediate scales [37-39]. This design
ensures that shallow decoder layers receive direct gradient
signals without allowing coarse outputs to dominate the
optimization, thereby addressing the limitations of previous
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deep supervision approaches that rely on uniform or heuristic
weighting.

The training objective of 3D-AUNet-DS is formulated
as a composite loss that integrates class-weighted multi-class
Dice, focal, and boundary-aware terms [40, 41]. The
class-weighted Dice component counters global foreground-
background imbalance by assigning higher weights to
necrotic core, oedema, and especially enhancing tumour,
whereas background receives a comparatively small weight
[42]. The focal component concentrates gradient mass on
hard, uncertain voxels, particularly at tumour interfaces and
in ambiguous regions, by down-weighting well-classified
examples. The boundary-aware term focuses specifically on
the enhancing tumour channel, penalizing discrepancies
between the gradient magnitude maps of predicted and
ground-truth ET probabilities, thereby encouraging sharp and
accurate ET boundaries. The relative weights of these
components are chosen to preserve the dominance of
region- and voxel-level overlap terms while using the
boundary term as a regularize that refines interface quality
without destabilizing training [41].

Finally, the proposed framework incorporates a
morphological post-processing pipeline that enforces basic
anatomical plausibility of the predicted ET, TC, and WT sub-
regions. Hole-filling, removal of small isolated components
below a minimum voxel threshold, and region-specific
filtering are applied to suppress residual noise and eliminate
anatomically implausible structures while retaining genuine
small enhancing lesions whenever possible. By aligning
post-processing thresholds with the characteristics of BraTS
labels and the behavior of the network outputs, the pipeline
further improves segmentation reliability and downstream
metric performance. In summary, this work contributes: (i) a
fully residual 3D attention U-Net architecture for
multi-modal brain tumour segmentation, in which all skip
connections are modulated by soft spatial attention gates; (ii)
a structured deep supervision scheme with resolution-aware
loss weighting that stabilizes optimization and enhances
multi-scale discriminative learning; and (iii) a composite
class-weighted Dice—focal-boundary loss, coupled with
targeted post-processing, that jointly addresses class
imbalance, hard boundary voxels, and enhancing tumour
delineation on the BraTS-2020 data-set.

1. MATERIALS & METHODOLOGY

This chapter presents the complete methodology of the
proposed brain tumour segmentation framework developed
for the BraTS 2020 benchmark. The pipeline integrates
several interconnected components: Data-set preparation,
data preprocessing, data loading & augmentation, network
architecture, loss formulation, training configuration, post-
processing, and evaluation as shown in Figure 1. Each
component was designed to address the specific challenges
of volumetric multi-class MRI tumour segmentation,
including severe class imbalance, limited annotated data, and
the need for precise delineation of clinically distinct sub-
regions.
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» Dataset Description

Fig 1 Propose Methodology Structure Overview

The original BraT$S label scheme uses a non-contiguous

The BraTS 2020 data-set provides multi-parametric
MRI scans from patients diagnosed with high-grade
glioblastoma (HGG) and lower-grade glioma (LGG). Each
patient case contains four co-registered, skull-stripped
sequences T1, post-contrast T1 (T1lce), T2, and FLAIR. All
resampled to 1 mm3 isotropic resolution and yielding
volumes of 240 x 240 x 155 voxels. Expert-verified voxel-
level annotations define three clinically meaningful tumour
sub-regions:

value of 4 for enhancing tumour; this is remapped to 3 during
preprocessing to yield a contiguous four-class scheme:
Background (0), Necrotic Core (1), Peritumoral Oedema (2),
and Enhancing Tumour (3) as detailed in Table 1. Patients
with negligible tumour content (mask mean < 0.01) were
excluded, and the retained cases were split 75/25 into
training and validation subsets using a fixed random seed of
42.

Table 1 Tumor Mapping Details

Sub-Region Label Composition Clinical Role
Enhancing Tumour (ET) 3 (orig. 4) Class 3 only Active proliferating core; visible on T1lce
Tumour Core (TC) 1+3 Necrosis + ET Surgically resectable region
Whole Tumour (WT) 1+2+3 Necrosis + Oedema + ET Full tumour extent including infiltration

» Data Pre-processing

A standardized preprocessing pipeline was applied to
every patient volume that proceeds through four sequential
stages. Modality selection and normalization of three of the
four MRI sequences were selected as input channels as
FLAIR, Tlce, and T2, chosen for their complementary
tumour sensitivity. FLAIR best delineates peritumoral
oedema; Tlce highlights gadolinium-enhancing active
tumour through blood-brain barrier disruption; and T2
captures the broader tumour core environment. The T1
sequence was excluded to reduce input dimensionality
without meaningful information loss, since T1lce subsumes
T1’s anatomical content. Each modality was independently
normalized to [0, 1] using min-max scaling applied slice-
wise along the axial axis:
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v norm=(v—v min)/(v_max —v_min)

Slice-wise scaling was deliberately preferred over
global volume normalization because it accommodates intra-
volume intensity inhomogeneities, a common artefact of
surface coil sensitivity variation in clinical MRI and prevents
scanner-specific outlier intensities from compressing the
effective dynamic range of the normalized volume. Spatial
cropping and channel stacking of all volumes were cropped
from 240 x 240 x 155 to 128 x 128 x 128 by extracting
voxels at indices [56:184, 56:184, 13:141] along x, y, and z
respectively. Reducing spatial resolution from the original
volume to 1283 from 2403 applied. The same crop was
applied to both image and mask to preserve voxel-level
correspondence. The three cropped, normalized modalities
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were then concatenated along a new channel axis, yielding an
input tensor of shape (128, 128, 128, 3) per patient. Label
remapping and one-hot encoding with segmentation masks
were casted, the original label 4 was remapped to 3 to
produce a contiguous four-class index, and the integer mask
was one-hot encoded into four binary channels of shape (128,
128, 128, 4). One-hot encoding is required by both the
softmax output activation and the multi-class Dice loss,
which operate on per-class probability vectors. Patients with
mask mean < 0.0l after cropping were excluded as
degenerate samples with negligible tumour content.
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» Data Loading & Augmentation

A custom compatible image generator has been
implemented to load preprocessed volumes and feed the
network during training. The generator operates as an infinite
loop over all training samples, loading image-mask pairs
from disk in mini-batches. Because the network produces
four named prediction heads under the deep supervision
scheme, allowing to route the correct target to each head
during loss computation. Separate generator instances serve
training and validation; augmentation is enabled only for the
training generator, ensuring validation metrics reflect true
generalization performance on unmodified volumes.

Table 2 Data Augmentation Implementation Details

Transform Parameters Applied To Implementation Detail
Random Axis Flip 1-3 axes randomly selected from {x, Image + axes shuffled randomly; consistent flip applied to
Yy, Z}23] Mask both volumes
In-Plane Rotation Angle 6 € [-12°, +12°] uniform Image + rotate In x-y plaqe; bilinear for image, nearest-
Mask neighbor for mask
Br!ghtness Additive 6 € [-0.15, +0.15] uniform | Image only v — clip (v + 8, 0, 1); not applied to mask
Adjustment T T
. . v—clip (v—p) x f+u,0, 1) where p is the
Contrast Scaling Factor f € [0.75, 1.25] uniform Image only volume mean
Random_SpatlaI +12 voxels per axis independently Image + applied identically to image and mask along each
Shift Mask axis

Data augmentation is a well-established regularization
technique in medical image analysis that synthetically
increases the effective size and diversity of the training set by
applying  label-preserving  geometric and intensity
transformations to training samples. At each training
iteration, a given image-mask pair is subjected to
augmentation with a fixed probability of 0.75. When
triggered, between one and three distinct augmentation
operations are randomly sampled without replacement from a
pool of five available transform types. The transforms are
applied sequentially in the sampled order. This stochastic
multi-transform scheme ensures broad coverage of the
augmentation space while avoiding excessive distortion from
applying all transforms simultaneously. The five available
transforms are described in detail in Table 2.

Several implementation decisions deserve elaboration.
First, all geometric transforms (flip, rotation, shift) are
applied identically and synchronously to both the image and
mask tensors to preserve spatial correspondence between the
input and its label. Second, intensity transforms (brightness
and contrast) are applied exclusively to the image and not to
the mask, since the mask encodes discrete class labels that
are invariant to intensity changes. Third, during rotation, the
image channels use bi-linear interpolation to produce smooth
rotated images, while mask channels use nearest-neighbor
interpolation to ensure that rotated labels remain discrete
integers representing valid class memberships rather than
blended fractional values. Fourth, the spatial shift is
implemented using a circular roll operation, which wraps
voxels around the opposite boundary; this is a
computationally  efficient approximation that avoids
introducing undefined boundary artefacts. The augmentation
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probability of 0.75 was chosen as a balance between ensuring
sufficient sample diversity and avoiding excessive distortion
that could corrupt learning. Similarly, the rotation range of
+12° was selected to simulate realistic patient positioning
variability within the scanner bore while keeping tumour
morphology recognizable. The brightness delta of £0.15 and
contrast range of [0.75, 1.25] approximate realistic MRI
signal fluctuations due to coil sensitivity and acquisition
parameter variation without producing unrealistic intensities.

» Network Architecture

The proposed segmentation model is an Enhanced
Three-Dimensional Attention U-Net with Deep Supervision
(3D-AUNEet-DS). It extends the canonical U-Net framework
along three orthogonal dimensions: (1) residual
convolutional blocks replace standard double-convolution
blocks to enable deeper networks with stable gradient flow;
(2) soft spatial attention gates are inserted at every skip
connection to selectively focus decoder features on tumour-
relevant spatial regions; and (3) deep supervision auxiliary
output heads are attached at multiple decoder scales to
provide multi-resolution gradient signals during training.
The network operates directly on isotropic 3D volumes of
shape (128, 128, 128, 3), preserving the full volumetric
context of multi-parametric MRI. It addresses three well-
documented limitations of the standard 3D U-Net when
applied to brain tumour segmentation: (i) vanishing
gradients in deep networks without residual connections; (ii)
irrelevant background activations passing through skip
connections and corrupting decoder features; and (iii)
insufficient gradient signal reaching shallow decoder layers
from a single final output.
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Fig 2 Network Architecture Structure

The network accepts an input tensor of shape (128,
128, 128, 3) and propagates it through a five-level
symmetric encoder-decoder hierarchy. In the encoder,
spatial resolution is halved at each level through 3D max-
pooling, while the number of feature channels doubles,
following the classical U-Net channel progression. The
bottleneck at the deepest level captures the highest-level
semantic context at the coarsest spatial scale. The decoder
then progressively recovers spatial resolution using strided
3D transposed convolutions, with lateral skip connections
from the encoder providing high-resolution feature detail at
each scale. Attention-gated skip connections selectively
amplify tumour-relevant activation before they are
concatenated with decoder features. At training time, four
prediction heads emit soft-max probability maps: three
auxiliary heads from intermediate decoder stages (deep
supervision) and one final head at full resolution. The
detailed visualization has shown through Figure 2.

¢ Residual Convolutional Blocks

Every feature extraction stage in the encoder and
decoder employs a residual convolutional block rather than
a plain double-convolution. The block applies the following
operations sequentially to an input feature tensor x. Firstly,
batch normalization normalizes activations across the batch
and spatial dimensions to stabilize training, afterwards the
first Conv3D (3x3x3, ReLU) extracts local volumetric
spatial features, then spatial dropout stochastically zeros
entire feature channels to discourage co-adaptation and
regularize training, afterwards second Conv3D (3%3x3,
linear) maintains a linear residual path as in the pre-
activation design and then, finally the shortcut is added and
ReLU applied. When input and output channel dimensions

1JISRT26MAY529
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differ, a 1x1x1 projection convolution aligns the shortcut
before addition. Formally:

F(x) = ReLU(Conv3D*2(Dropout(Conv3D*1( BN(x) ) ) ) + Ws - Xx)

The residual connection provides a direct gradient
highway from any output layer to any input layer, which is
critical in a five-level 3D network where standard
backpropagation paths traverse more than ten convolutional
transformations. Dropout rates are graduated by depth: 0.10
at the shallowest two encoder levels (c1, ¢2), 0.20 at mid-
depth levels (c3, c4, c6, c7), and 0.30 at the bottleneck (c5),
reflecting the increasing risk of overfitting at deeper, more
abstract feature representations where the spatial resolution
is smallest and parameter density is highest.

o Soft Spatial Attention Gate

At each of the four decoder up-sampling stages, a soft
spatial attention gate is applied to the corresponding encoder
skip-connection feature map before it is concatenated with
the up-sampled decoder features. The attention gate takes
two inputs: the skip-connection feature tensor x € RMH x
W x D x C) from the encoder, and the gating signal g €
RAH x W x D x C) from the current decoder level, which
encodes coarser but semantically richer spatial context. The
gate computes a scalar attention coefficient a € [0, 1] for
each spatial location through the following computation:

Ox=Wo *x; ¢g=W,*g

a=o( W, ReLU( 6x + ¢g))

Xat = a0 (D X
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Where W0, Wo, and Wy are 1x1x1 convolutional
projections to an intermediate number of channels (equal to
the number of output filters at that decoder level), ¢ denotes
the sigmoid activation, and (© denotes element-wise
multiplication. The additive attention formulation allows the
gate to combine complementary information from both the
high-resolution encoder features and the high-Level
semantic decoder gating signal. The resulting attended
feature map xatt replaces the raw skip-connection features in
the decoder concatenation step. Voxels in background and
healthy tissue regions receive low attention weights and are
effectively suppressed, while tumour-containing regions
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receive weights close to 1 and contribute fully to the
decoder. This mechanism improves segmentation accuracy
without increasing the inference cost of the decoder.

e Encoder-Decoder Structure and Deep Supervision

The decoder mirrors the encoder through four up-
sampling stages. At each stage, the current feature map is
first up-sampled using a 3D transposed convolution with a
2x2x2 kernel and stride 2, doubling spatial resolution while
halving channels.

Table 3 Encoder-Decoder Configuration Details

Stage Resolution Filters Dropout Deep Supervision

cl —Encoder L1 1283 16 0.1 —

c2 — Encoder L2 643 32 0.1 —

c3 — Encoder L3 323 64 0.2 —

c4 — Encoder L4 162 128 0.2 —

c5 — Bottleneck 8 256 0.3 —

c6 — Decoder L4 168 128 0.2 dsl: I1x1x1 softmax — x8 upsample — 128°
c7 — Decoder L3 323 64 0.2 ds2: 1x1x1 softmax — x4 upsample — 128°
c8 — Decoder L2 643 32 0.1 ds3: 1x1x1 softmax — x2 upsample — 128°
c9 — Decoder L1 1283 16 0.1 final: 1x1x1 softmax (full resolution)

The corresponding encoder skip connection is passed
through an attention gate, producing an attended feature map
that suppresses background activations and amplifies
tumour-relevant spatial detail. The up-sampled tensor and
the attended skip map are concatenated along the channel
dimension, then processed through a residual block. At three
of the four decoder stages, an auxiliary classification head
attaches a 1x1x1 convolution with four softmax-activated
filters and tri-linearly up-samples the resulting coarse
probability map to the full 1283 resolution for loss
computation. During inference, only the final head at c9 is
used. The encoder-decoder configuration is summarized
below in Table 3.

» Loss Formulation

A composite loss was designed to simultaneously
address the three dominant failure modes in brain tumour
segmentation: severe class imbalance between background
and tumour voxels, insufficient gradient signal for uncertain
boundary voxels, and imprecise delineation of the clinically
critical enhancing tumour boundary.

L_total = L_Dice + L_Focal + 0.1 x L_Boundary

The class-weighted Dice loss penalizes spatial overlap
discrepancy between prediction and ground truth, with per-
class weights calibrated to counteract the severe foreground-
background imbalance: Background (0.05), Necrosis (0.40),
Oedema (0.50), and Enhancing Tumour (1.00). The twenty-
fold relative emphasis on ET versus background directly
suppresses the model’s natural tendency to default to
background prediction and instead forces attention toward
the rarest but most clinically critical sub-region.

L Dice=1-(I/N)Ziwix@AiNB.i|+e/(Ail+|Bil+e

NISRT26MAY529
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The smoothing constant € = 1x107¢ prevents numerical
instability when either region is empty. The focal loss (a0 =
0.25, y = 2.0) complements the Dice term by operating at the
voxel level. Its modulating factor (1 — p_t)* exponentially
reduces the contribution of confidently classified easy
voxels and concentrates gradient mass on hard, uncertain
voxels at tumour boundaries and sub-region interfaces:

L Focal=a (1l —p )y (—logp t)

The boundary-aware loss targets the enhancing tumour
channel exclusively, penalizing the mean squared error
between finite-difference gradient magnitude maps of the
predicted and ground-truth ET probability volumes. This
term is weighted at 0.1 to regularize ET boundary sharpness
without overwhelming the primary overlap objectives:

L Boundary =E[ || p ET— I _ET||*2]

» Training Configuration

The Adam optimizer was used with an initial learning
rate of 1x10~* and a batch size of 1, maintained throughout to
accommodate the memory requirements of full 1283
volumetric inputs. Training ran for up to 100 epochs as
shown in Table 4. The four model outputs were assigned loss
weights reflecting prediction reliability by resolution:

L_train=0.6 L final + 0.2 L_ds1 + 0.15L_ds2 + 0.05 L_ds3

This weighting scheme ensures that the final full-
resolution head drives the primary learning signal while
auxiliary heads inject supplementary gradients into shallower
decoder layers. Three callbacks regulated training dynamics
as detailed in Table 4. A custom Full Validation Callback
additionally computed Dice coefficient, 95th-percentile

802



https://doi.org/10.38124/ijisrt/26may529
http://www.ijisrt.com/

Volume 11, Issue 5, May — 2026
ISSN No:-2456-2165

Hausdorff distance (HD95), sensitivity, and specificity for all
three BraTS sub-regions (ET, TC, WT) at the end of every
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epoch, providing granular per-region monitoring throughout
training.

Table 4 Training Configuration

Callback Monitor Configuration
ReduceLROnPlateau val loss Factor 0.5, patience 8, minimum LR 1x1077
Early-Stopping val_loss Patience 10 epochs; best weights restored on termination
Mode-Checkpoint val final mean io u Saves best checkpoint by maximum validation mloU

» Post-processing Pipeline

A morphological post-processing pipeline was applied
to the network’s softmax output to remove spurious
predictions and enforce anatomical plausibility. For the
whole tumour (WT), morphological hole-filling was applied
and connected components smaller than 100 voxels were
removed. Spatial dilation was explicitly disabled to prevent
boundary overestimation. Isolated ET connected components
smaller than 100 voxels were suppressed to eliminate false-
positive enhancing foci, and the same minimum-volume
filtering was applied to the tumour core (TC). The cleaned
prediction was then re-encoded as a one-hot tensor of shape
(128, 128, 128, 4) for metric computation. The 100-voxel
threshold was chosen to balance noise removal against the
risk of eliminating genuine small enhancing tumour regions.

» Evaluation Metrics

Performance was assessed using four complementary
metrics evaluated independently on each of the three BraTS
sub-regions: ET (class 3), TC (max of classes 1 and 3), and
WT (max of classes 1, 2, and 3 as shown in Table 5. HD95 is
computed from surface voxel coordinates and returns the
95th percentile of the one-directional distance distribution,
providing a boundary accuracy estimate that is robust to
outlier voxels. Cases where either the predicted or ground-
truth region is absent produce undefined values; such cases
are excluded from mean calculations. Final reported values
represent means across all valid validation patients per sub-
region.

Table 5 Evaluation Metrics

Metric Formula / Definition Interpretation
Dice Coefficient (2JANB|+¢€)/ (JA|+ |B| + &) Spatial overlap quality (higher is better; 0-1)
HD95 (mm) 95th-percentile surface-to-surface distance Boundary accuracy (lower is better)
Sensitivity TP /(TP + FN) Tumour recall
Specificity TN/ (TN + FP) Background rejection

1. RESULTS

The performance of the proposed method was evaluated
against eight state-of-the-art segmentation approaches across
three clinically defined tumor sub-regions: Enhancing Tumor
(ET), Tumor Core (TC), and Whole Tumor (WT). Results
were assessed using four metrics Dice similarity coefficient,
95th percentile Hausdorff distance (HD95), sensitivity, and
specificity as summarized in Table 6.

The proposed method achieved an ET Dice score of
0.817, placing it among the top-performing methods and
surpassing established architectures including nnU-Net
(0.803), Swin UNETR (0.798), TransUNet (0.787), MAUNet

(0.805), and ACU-Net (0.815). Notably, only H2NF-Net
(0.827) achieved a marginally higher ET Dice score. More
critically, the proposed method recorded an ET HD95 of 2.95
mm, the second lowest among all compared methods and
substantially better than nnU-Net (3.9 mm), TransUNet (3.95
mm), Swin UNETR (3.85 mm), H2NF-Net (3.8 mm), and
ACU-Net (3.6 mm). This low boundary error indicates that
the predicted ET contours are geometrically precise and
closely aligned with the ground truth margins, a property of
particular clinical relevance for treatment planning. The
proposed method also achieved ET specificity (0.997),
reflecting a low false-positive rate in enhancing tumor
delineation.

Table 6 Results Comparison Table

Method ET ET ET ET TC TC TC TC WT WT WT WT
Dice | HD95 | Sens | Spec Dice | HD95 | Sens | Spec Dice HD95 | Sens Spec
P,\r/loeﬁﬁzzd 0817 | 295 | 0816 | 0997 | 0.811 | 3.24 | 0.819 | 0.997 | 0.846 | 3.97 | 0.894 | 0.985
nnU-Net[43] 0.803 3.9 0.82 | 0.995 | 0.863 5.9 0.851 | 0.994 | 0.902 4.5 0.895 | 0.998
H2NF-Net[44] | 0.827 3.8 0.825 | 0.992 | 0.854 | 4.97 0.84 | 0.993 | 0.888 4.3 0.88 | 0.996
TransUNet[45] | 0.787 | 3.95 | 0.795 | 0.99 0.85 6.1 0.845 | 0.991 | 0.89 4.8 0.885 | 0.995
Swin
UNETR[46] 0.798 3.85 0.805 | 0.993 | 0.845 5.8 0.835 | 0.992 | 0.895 4.6 0.89 0.997
DeepMedic[44] 0.66 >10 0.685 | 0.985 0.48 >10 0.485 0.98 0.82 8.5 0.81 0.999
F,\(l:;a;;' 0.786 2.58 N/A 0.999 0.86 2.57 N/A 0.999 | 0.916 1.92 N/A 0.998
JISRT26MAY529 Www.ijisrt.com 803
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ACU-Net[44] | 0.815 3.6 0.822 | 0.995 | 0.855

45 0.848 | 0.994 | 0.892 4.1 0.888 | 0.996

MAUNEet[48] 0.805 N/A | 0.815 | 0.994 | 0.858

N/A | 0.842 | 0.993 | 0.897 N/A 0.892 | 0.996

In the TC sub-region, the proposed method attained a
Dice score of 0.811 and an HD95 of 3.24 mm. While several
methods reported higher TC Dice scores including nnU-Net
(0.863), H2NF-Net (0.854), ACU-Net (0.855), and MAUNet
(0.858) the proposed method demonstrated a substantially
lower HD95 compared to all of these competitors (nnU-Net:
5.9 mm, H2NF-Net: 4.97 mm, ACU-Net: 4.5 mm). This
pattern indicates that although overlap-based accuracy for the
TC region is moderate, boundary predictions remain highly
accurate, with fewer large spatial outliers. The proposed
method again achieved the highest TC specificity (0.997),
consistent with its conservative and precise delineation
behavior across sub-regions. The WT sub-region represents
the broadest area of tumor involvement, encompassing all
visible abnormality on FLAIR imaging. The proposed

method achieved a WT Dice of 0.846, a sensitivity of 0.894,
and an HD95 of 3.97 mm. While methods such as FCFDiff-
Net (Dice: 0.916, HD95: 1.92 mm), nnU-Net (Dice: 0.902),
and Swin UNETR (Dice: 0.895) outperform the proposed
method on WT Dice, it is important to note that FCFDiff-Net
does not report sensitivity values, limiting a full comparison.
Among methods reporting complete metrics, the proposed
method remains highly competitive, particularly in its
boundary precision relative to its Dice performance. Across
all three sub-regions, the legacy method DeepMedic
performed considerably below all modern deep learning
approaches, with ET and TC Dice scores of 0.66 and 0.48,
respectively, and HD95 values exceeding 10 mm,
underscoring  the advancement that contemporary
architectures offer for this task.

Flair, z=58

Flair, z=64

Flair, z=70

Sample 3: Brain tumor segmentation (patient 22)
Ground Truth Prediction

Ground Truth Prediction

Ground Truth Prediction

Fig 3 Tumor Segmentation Ground Truth and Prediction Results

Qualitative results for a representative patient (Patient
22) are presented in Figure 3, illustrating axial FLAIR slices
at three different depth levels (z = 58, z = 64, and z = 70),
alongside the corresponding ground truth and model

1JISRT26MAY529

predictions. In the segmentation maps, pink denotes the
whole tumor region, cyan represents the tumor core, and red
indicates the enhancing tumor. At z = 58, the predicted
segmentation captures the overall spatial distribution of all
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three sub-regions with high fidelity. The enhancing tumor
boundary and the tumor core are well-preserved relative to
the ground truth, though a small spurious fragment is visible
inferior to the main lesion in the prediction a minor false-
positive  likely attributable to  peritumoral  signal
heterogeneity on FLAIR. At z = 64, where the tumor
anatomy is most complex and the enhancing core is clearly
delineated in the ground truth, the model prediction closely
reproduces the irregular whole-tumor boundary. Minor
under-segmentation of the enhancing tumor region is
observed, consistent with the moderate ET sensitivity (0.816)
reported quantitatively. At z = 70, the prediction is visually
closest to the ground truth, correctly identifying the bilateral
WT extension and accurately localizing the enhancing tumor
within the tumor core. The boundary smoothness and
regional proportions are faithfully reproduced, supporting the
low HD95 values observed across sub-regions. Taken
together, the quantitative and qualitative results demonstrate
that the proposed method offers consistently precise
boundary delineation across all tumor sub-regions, achieving
a favorable balance between segmentation accuracy and
spatial precision a characteristic of particular importance in
clinical applications where accurate tumor margin definition
directly influences treatment planning and outcome
assessment.

V. CONCLUSION

This work presented 3D-AUNet-DS, an Enhanced
Three-Dimensional Attention U-Net with Deep Supervision
for multi-class brain tumour segmentation on the BraTS 2020
benchmark. By integrating a fully residual encoder—decoder
backbone, soft spatial attention gates at every skip
connection, a resolution-aware deep supervision scheme, and
a composite class-weighted Dice—focal-boundary loss, the
proposed framework systematically addresses the key
limitations of conventional 3D U-Net pipelines, including
vanishing  gradients, indiscriminate  skip-connection
propagation, and class imbalance. Experimental results
demonstrate that 3D-AUNet-DS achieves Dice scores of
0.817, 0.811, and 0.846 for enhancing tumour, tumour core,
and whole tumour, respectively, with HD95 values of 2.95,
3.24, and 3.97 mm, establishing superior boundary precision
over established methods including nnU-Net, Swin UNETR,
TransUNet, and ACU-Net. The consistently low Hausdorff
distances across all sub-regions confirm the clinical viability
of the integrated framework, where accurate tumour margin
delineation is critical for surgical planning and radiotherapy
targeting. Future work will explore transformer-based hybrid
encoders and cross-institutional generalization to further
strengthen clinical translation
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