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Abstract

Brain tumour segmentation using multi-parametric Magnetic Resonance Imaging (mpMRI)
stands as one of the most clinically impactful yet challenging domains within medical computer
vision. While convolutional neural networks (CNNs), especially encoder-decoder architectures
like U-Net, have established empirical benchmarks in voxel-wise semantic labeling, their
black-box nature and susceptibility to localized hallucinations impede direct clinical
integration. Conversely, recent Vision Transformer (ViT) paradigms address long-range
dependency limitations but suffer from high computational complexity and low-level spatial
degradation. To bridge these technological divides and establish paths toward trustworthy
medical autonomy, this paper presents a comprehensive, systematic taxonomy and critical
evaluation of over 100 benchmark research contributions spanning a decade of deep learning-
driven neuro-oncology. We systematically categorize methodologies across six foundational
archetypes: classic CNNs, advanced U-Net variants, attention-guided networks, pure
transformers, hybrid token-convolutional pipelines, and Explainable Al (XAlI)-native systems.
Each paradigm is structurally evaluated through a rigorous combination of mathematical
modeling, algorithmic comparative analysis, and clinical workflow assessment. Special
attention is dedicated to post-hoc attribution mechanics (e.g., Grad-CAM, Grad-CAM++,
SHAP, and Integrated Gradients), mapping out how visual saliency interfaces with real-world
radiological validation. Finally, we dissect core systemic constraints, such as domain shifts
across clinical centers, boundary ambiguity in diffuse gliomas, and the quantitative validation
of explainability maps, presenting a concrete blueprint for the next generation of interpretable,
robust, and translationally viable neuro-oncological diagnostic suites.

Keywords: Brain Tumour Segmentation; Deep Learning; Multi-Parametric MRI; U-Net;
Explainable AI; Grad-CAM; Vision Transformers; Hybrid Deep Learning; Attention
Mechanisms; Medical Image Analysis; Clinical Translation.

1. Introduction

The accurate localization, delineation, and volumetric quantification of intracranial neoplasms
represent pivotal tasks in modern neuro-oncology. Brain tumours, particularly high-grade
gliomas (HGG) such as glioblastoma multiforme (GBM) and low-grade gliomas (LGG), are
characterized by highly aggressive infiltrative margins, topological variability, and pronounced
cellular heterogeneity. Clinical treatment strategies, ranging from maximal safe surgical
resection to targeted stereotactic radiotherapy and systemic chemotherapy, depend
fundamentally on the precise evaluation of spatial configurations across distinct
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pathognomonic sub-regions: the peritumoral edema, the necrotic core, and the active, contrast-
enhancing tumorous tissue.

Clinical Modalities and the Role of mpMRI

Magnetic Resonance Imaging (MRI) serves as the primary diagnostic modality for neuro-
oncology due to its superior soft-tissue contrast and non-invasive multi-planar imaging
capabilities. Rather than relying on a single acquisition protocol, clinical assessment leverages
multi-parametric MRI (mpMRI) suites to exploit different physiological properties:

o T1-Weighted (T1): Provides structural anatomy, enabling clear differentiation between
healthy white and gray matter.

o T1-Weighted Contrast-Enhanced (T1ce): Utilizes gadolinium-based contrast agents
to highlight blood-brain barrier disruptions, delineating the hyper-intense active borders
of the tumor core.

o T2-Weighted (T2): Captures water proton relaxation variations, exposing hyper-
intense fluid collections and defining the broader lesion boundaries.

e Fluid-Attenuated Inversion Recovery (FLAIR): Suppresses free cerebrospinal fluid
signals to isolate peritumoral vasogenic edema from ventricular systems.

The manual voxel-by-voxel segmentation of these interrelated volumetric sequences by board-
certified neuroradiologists is incredibly labor-intensive, error-prone, and suffers from
significant inter- and intra-observer variability. This clinical bottleneck has spurred a sustained
effort toward developing automated computational tools capable of producing fast,
reproducible, and highly accurate volumetric annotations.

The Evolution of Automated Delineation

Historically, computerized medical image segmentation relied heavily on classical digital
image processing and machine learning paradigms. These frameworks utilized low-level
intensity thresholding, region-growing algorithms, active contour models (snakes), fuzzy c-
means clustering, and handcrafted statistical features combined with random forests or support
vector machines (SVMs). While these methods offered predictable, rule-based operations, they
were fundamentally limited by their inability to generalize across variable imaging protocols,
scanner manufacturers, and the high morphological polymorphism characteristic of neoplastic
boundaries.

The deep learning paradigm shift, catalyzed by the scalability of Convolutional Neural
Networks (CNNs), fundamentally altered this landscape. By replacing handcrafted feature
engineering with end-to-end hierarchical representation learning, CNNs automatically extract
features directly from multi-modal volumes. Architectures such as Fully Convolutional
Networks (FCNs) and the specialized U-Net topology established unprecedented benchmarks
for spatial accuracy, particularly when evaluated on rigorous public datasets like the Brain
Tumor Segmentation (BraTS) challenges.
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The Black-Box Paradigm and the Need for XAl

Despite demonstrating remarkable performance profiles—often rivaling human experts in
specific structural tasks—advanced deep learning models face a major barrier preventing
widespread adoption in critical clinical paths: their intrinsic opacity. Deep neural networks
function as massive, non-linear mathematical optimization systems containing tens of millions
of parameter weights. This structural density prevents clinicians from tracing the exact causal
relationship between an input voxel configuration and a finalized semantic label map.

In high-stakes medical settings, this lack of interpretability is not merely an academic concern;
it represents a fundamental issue of patient safety, ethical accountability, and regulatory
compliance. If a network falsely categorizes a patch of healthy, eloquent cortical tissue as
contrast-enhancing tumor, or misses a microscopic infiltrative focus due to an out-of-
distribution artifact, the consequences can be catastrophic. Clinicians cannot ethically or legally
act upon automated diagnoses without a reliable method to verify the underlying medical
reasoning.

This fundamental requirement for clinical accountability has driven the integration of
Explainable Artificial Intelligence (XAI) within medical imaging architectures. XAl aims to
unpack these black-box structures by generating intuitive visual attributions, mathematical
saliency maps, or ante-hoc transparent feature layers. These explanations allow radiologists to
audit the model's focus, validating whether a segmentation choice aligns with established
pathophysiological indicators or is driven by background noise and scanner-specific artifacts.

II. Systematic Review Methodology

To ensure maximum academic rigor, comprehensive coverage, and systemic reproducibility,
this review was executed using a formalized literature filtering pipeline derived from the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines.

Search Strategy and Database Selection

Primary research literature was queried across core indexed databases: Scopus, IEEE Xplore,
ScienceDirect, SpringerLink, and PubMed. Initial broad-string search queries were composed
using boolean expressions designed to capture the cross-section of deep learning model design
and neuro-oncological applications:

Plaintext
("brain tumor" OR "glioma" OR "glioblastoma")
AND ("segmentation" OR "delineation" OR "voxel-wise classification")

AND ("deep learning” OR "CNN" OR "U-Net" OR "Transformer" OR "Attention
Mechanism")

AND ("Explainable AI" OR "XAI" OR "interpretability" OR "Grad-CAM" OR "saliency
map")
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Study Selection Metrics and Inclusion/Exclusion Criteria

The raw search outputs were filtered using strict academic inclusion and exclusion metrics to
curate a clean, high-impact review collection:

1. Temporal Scope: Articles published within a ten-year window (2015 to 2025
inclusive), capturing the historical trajectory from the baseline U-Net inception to
recent vision transformer developments.

2. Architectural Relevance: Studies must explicitly present structural modifications or
empirical evaluations using CNNs, encoder-decoder frameworks, self-attention
mechanisms, pure vision transformers, or hybrid pipelines applied to brain tumor
datasets.

3. Explainability Integration: Peer-reviewed papers incorporating post-hoc explanatory
overlays (e.g., CAM variations, perturbation theories, integrated gradients) or ante-hoc
transparent designs were prioritized.

4. Dataset Standards: Inclusion required evaluation on clinically recognized
benchmarks—such as the various iterations of the BraTS challenge—or thoroughly
validated institutional multi-sequence datasets.

5. Exclusion Filters: Short abstracts, unreviewed preprints, non-English publications,
and studies lacking rigorous comparative quantitative evaluation (e.g., omitting Dice
Similarity Coefficient or Hausdorff Distance metrics) were systematically excluded.

Literature Categorization Framework

The curated corpus of over 100 high-impact papers was systematically cataloged into six
interconnected thematic categories, which form the structural foundation of our taxonomy:

e Classical CNN Foundations: Patch-based networks, Multi-scale convolutional
streams, and early pixel-wise FCN designs.

e Advanced Encoder-Decoder Archetypes: 2D/3D U-Net baselines, deep supervision
extensions, nested architectures (UNet++), and structural multi-resolution
optimizations.

o Attention-Guided Pipelines: Spatial, channel, and squeeze-and-excitation attention
frameworks designed to mitigate noisy feature propagation.

o Pure Vision Transformers (ViTs): Sequence-to-sequence tokenized patch processing,
shifting window mechanisms, and global context networks.

e Hybrid Token-Convolutional Systems: Dual-stream topologies combining local
texture processing with global contextual token processing.

o [Explainable AI (XAI) Integrations: Local interpretable models, axiomatic gradient
maps, and feature attribution methods designed for clinical deployment verification.
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III. Mathematical Foundations & Objective Functions

To fully evaluate the structural differences between competing deep learning architectures, one
must first analyze the core mathematical operations and loss formulations that guide their
optimization loops.

1. The Classical Convolution Operation

The mathematical foundation of feature extraction within CNNs relies on the spatial discrete
c RHEXWxCin
convolution operation. Given a multi-channel input tensor (where H, W

represent spatial dimensions and Cin represents the number of input MRI sequences like T1,
K c Rm*nx Cin % Cait

T2, FLAIR) and a localized convolutional kernel , the forward activation
map at a
|m /2 n/2 Cin
I * K|(z,y,c) = Z Z EI(Iai,y—j,k)‘]\'(i+ lm/2|, 7 4
i m/2| j n/2l k=1

Where $b(c)$ represents the scalar bias term assigned to the specific output channel. This
localized operation enforces spatial parameter sharing and translation equivariance, making it
highly effective for identifying low-level edges and immediate regional textures.

2. Activation Functions

Non-linear activation layers follow convolution operations to allow the network to map highly
complex, non-linear relationships.

o Rectified Linear Unit (ReLU): The standard baseline activation function used in

internal hidden layers: fiz) =max(0,x)

e Leaky ReLU: To prevent the "dying ReLU" problem where gradients drop to zero
during backpropagation, a small slope parameter $\alpha$ (typically $0.01$) is

introduced for negative inputs: f(z) = max(az, z)

e Sigmoid Activation: Employed at the final output layer for binary or multi-class
independent voxel classification tasks to squash raw logits into real-valued

probabilities:
3. Objective Functions and Optimization Loss Dynamics

Brain tumor segmentation tasks present severe class imbalance problems. The volume of
healthy brain tissue vastly exceeds the volume of the necrotic core or contrast-enhancing
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margins. Standard optimization functions often struggle under these conditions, necessitating
highly specialized loss formulations.

e Binary Cross-Entropy Loss (BCE): Evaluates voxel-wise prediction variance
independently without considering global spatial contexts. For a total voxel count N,

where ¥ = {0,1} represents the ground-truth label and pi < [D’ 1]represents the
predicted probability:
1 N
Lpce = N ; [yi log(pi) + (1 — i) log(1 — pi)]

e Dice Similarity Coefficient Loss ($\mathcal{L} {Dice}$): Formulated directly from
the Sorensen-Dice metric, this loss measures the global spatial overlap between the
ground-truth binary mask Y and the predicted probability map P. It is inherently robust
against background class dominance:

23 iy + €
N N
D i p;?) + D it yz? T €

Where € represents a smoothing hyperparameter added to ensure numerical stability and
prevent division-by-zero errors.

EDice =1-

e Hybrid Combined Objective Function: Modern high-performance architectures
routinely employ a weighted linear combination of BCE (or focal loss) and Dice loss
to simultaneously optimize local pixel-level confidence values and global structural
shape alignments:

LHyb'rid = /\IEBC'E T /\2£D'ice

4. Mathematical Mechanics of Optimization

Gradient descent optimization loops update network parameters $\theta$ by evaluating the loss
gradient across localized mini-batches. The Adam (Adaptive Moment Estimation) optimizer
balances adaptive step sizing by tracking both the exponentially decaying average of past
gradients ($m_t$) and past squared gradients ($v_t$):

my = Pimy—1 + (1 — 51)91%, vy = Bovs_1 + (1 - 52)9?

g " Uy
< UV — =
1- gt 1-35

my =
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Where nrepresents the baseline learning rate, 9t = VHE(& ) '81’ 6 2
and $\e$ is a small constant stabilizing the update step.

control decay rates,

IV. A Deep Structural Taxonomy of Core Methodologies

A structured breakdown of deep learning paradigms allows us to trace the evolution of brain
tumor segmentation methods from early local feature models to modern hybrid networks.

Brain Tumour Segmentation Structural Taxonomy

v v v v
| CNN Core | | U-NetFam | | Transformers | | XAI Pipelines |
| | | |
|— Patch CNN |— 3D U-Net |— ViT Core — Grad-CAM / ++
— Multi-Scale — UNet++ |— Swin Shift — Axiomatic IG

L FCN Baselines L— MultiResUNet L— TransUNet Hybrid L— SHAP / LIME

A. Convolutional Neural Network (CNN)-Based Architectures

The initial deep learning systems applied to medical imaging relied on classical CNN
structures.

1. Foundational Core Principles

These models leverage sequential layers of localized convolutions, pooling, and activation
functions to compress raw multi-sequence inputs into abstract semantic feature maps. The key
design feature is translation equivariance, which ensures that an identified structural anomaly
is tracked consistently regardless of its position within the brain volume.

2. Representative Structural Implementations

o Patch-Based Architectures: Early hardware limitations forced models to avoid full
volumetric processing. Instead, systems classified the center voxel of extracted 2D or
3D localized sub-patches. While this approach expanded the training pool, it discarded
valuable global spatial context.
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e Multi-scale Streams (e.g., DeepMedic): Addressed patch limitations by implementing
dual parallel processing pathways. One stream processed high-resolution local patches
to extract detailed edge features, while the second stream ingested downsampled, wider
patches to capture broader anatomical context.

e Fully Convolutional Networks (FCNs): Replaced dense fully connected classification
layers with convolutional upsampling operations, enabling dense, end-to-end mapping
from full images to complete pixel-level segmentations.

3. Strengths and Inherent Structural Advantages

CNNs excel at extracting low-level local structural details. Due to parameter sharing, they
require fewer parameters than fully connected networks, making them computationally
efficient on standard 2D slices and highly accurate along well-defined structural borders.

4. Critical Insight and Systemic Limitations

The primary limitation of standard CNNs stems from the locality of the convolution operation.
Because the receptive field expands slowly with layer depth, these networks struggle to capture
long-range global dependencies. For diffuse gliomas, which present with highly irregular
peritumoral edema stretching across distant cerebral hemispheres, a standard CNN often
misclassifies boundaries due to this lack of global contextual awareness.

B. Encoder-Decoder Archetypes (The U-Net Family)

The introduction of the U-Net architecture redefined the standards for biomedical image
segmentation.

1. Architectural Geometry and Design Mechanics
U-Net features a symmetrical structural layout composed of two primary pathways:

o Contracting Path (Encoder): Follows a standard convolutional design that repeatedly
applies convolutions and downsampling layers to extract high-level semantic
abstractions while reducing spatial dimensions.

o Expanding Path (Decoder): Progressively upsamples feature maps to restore the
original spatial dimensions for precise voxel classification.

o Skip Connections: Directly transfer high-resolution spatial features from the encoder
stages across to the decoder stages, bypassing the bottleneck. This mechanism
minimizes the loss of detailed fine-grained spatial information during downsampling.
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F! = Concat (F[ Upsample(F, L. )

decoder encoder? decoder

2. Specialized Structural Variants

e 3D U-Net: Extends standard 2D convolutions into 3D volumetric operations, allowing
the model to leverage slice-to-slice continuity and capture the full spatial context of 3D
MRI volumes.

e UNet++ (Nested Skip Inception): Replaces rigid direct skip connections with nested,
dense convolutional blocks. This design reduces the semantic gap between the encoder
and decoder feature maps, smoothing the optimization path.

e MultiResUNet: Replaces standard convolutional pairs within the U-Net blocks with
multi-resolution inception structures, enabling the network to resolve features at
multiple spatial scales simultaneously.

3. Strengths and Inherent Structural Advantages

U-Net variants provide excellent localization accuracy, even when training on relatively small
medical datasets. The integration of high-level semantic abstractions with low-level spatial
features allows for clean delineation of large structural masses.

4. Critical Observations and Architectural Failures

Despite its widespread adoption, the U-Net family remains limited by its reliance on local
convolution operations within its core building blocks. Furthermore, deep volumetric networks
like 3D U-Net exhibit massive memory footprints, which often necessitates downsampling or
aggressive patching of high-resolution input volumes.

C. Attention-Augmented and Guided Systems

To improve feature selection within convolutional pathways, designers integrated attention
mechanisms.

1. Algorithmic Formulations and Feature Gating

Attention components compute dynamic weight masks that selectively amplify features from
relevant pathological zones while suppressing background noise and scanning artifacts. For a
feature map X, an attention mask €¥ is generated to scale the activations:

a=o0 (" (ReLUW; X +Wg))): Futtention = @ X
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Where g represents a gating vector extracted from coarser structural scales to guide feature
refinement.

2. Functional Classifications of Attention Gates

o Spatial Attention: Determines where to focus by mapping long-range dependencies
across the spatial coordinates of the feature map.

o Channel Attention (e.g., Squeeze-and-Excitation): Identifies what features are most
important by adaptively adjusting the weights of individual channel responses.

o Self-Attention Filters: Computes pairwise voxel relationships across the entire image
slice, enabling non-local feature aggregation.

3. Strengths and Inherent Structural Advantages

Attention mechanisms improve the model's focus on small, highly variable structural
components, such as the contrast-enhancing margins of low-grade tumors. They enhance
overall segmentation accuracy without substantially increasing parameter counts.

4. Critical Observations and Architectural Failures

While attention blocks improve localization, they increase architectural complexity and
hyperparameter sensitivity. Furthermore, because these mechanisms are typically embedded
within local convolutional structures, they do not fully overcome the fundamental long-range
dependency limitations of standard CNNs.

D. Pure Vision Transformer (ViT) Paradigms

Borrowing success from natural language processing, Vision Transformers model image
patches as sequential tokens to capture long-range interactions.

1. Tokenization and Self-Attention Mechanics

1% M x(P>-C)

~
P’Z‘__—L

Input images are divided into non-overlapping spatial patches Tp , which are
flattened and projected into a linear embedding space of dimension $DS$. Positional
embeddings are added to preserve spatial relationships. The core global routing depends on the
Scaled Dot-Product Attention mechanism:

f OV IT
Attention(Q, K., V') = softmax ((—{1\ ) V

.V

Where matrices Q(Query), K (Key), and V (Value) are generated from the tokenized inputs via
learned linear projections, and d_k represents the scaling dimension.
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2. Specialized Transformer Layouts

o Standard Vision Transformer (ViT): Processes the image as a flat sequence of tokens,
allowing the network to capture global relationships from the earliest layers.

e Swin Transformer: Introduces a hierarchical layout that restricts self-attention
computation to local, non-overlapping windows while allowing cross-window
communication via shifting mechanisms. This significantly reduces computational
complexity from quadratic to linear relative to image size.

e UNETR (UNet Transformer): Combines a pure transformer encoder to capture global
context with a convolutional decoder to handle upsampling and fine-grained spatial
localization.

3. Strengths and Inherent Structural Advantages

Transformers excel at capturing long-range global dependencies. They build a holistic spatial
awareness that allows the network to model large, complex tissue deformations and peritumoral
edema zones across distant brain structures.

4. Critical Observations and Architectural Failures

Pure transformers lack the inductive biases inherent to CNNs, such as translation equivariance
and localized locality. As a result, they require substantial training data to learn basic structural
relationships. Furthermore, calculating global self-attention across large 3D volumetric images
introduces high computational costs.

E. Hybrid Token-Convolutional Fusion Architectures

Recognizing that CNNs and transformers offer complementary strengths, researchers
developed hybrid architectures to leverage both local and global feature extraction.

1. Dual-Stream Structural Formulations

Hybrid networks run parallel or cascaded streams: a convolutional stream to extract high-
resolution local details, and a transformer stream to model global context. These features are
dynamically combined using bridge modules:

thbrid = H(.’U'll u(X) D Htransfm'nu:‘r(X)

2. Representative Structural Implementations

e TransUNet: Uses a CNN backbone to extract high-resolution localized features from
the raw input, then passes these feature maps to a transformer encoder to capture global
relationships before upsampling.
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e Swin-UNet: Replaces standard U-Net blocks entirely with hierarchical Swin
Transformer blocks, creating a symmetric encoder-decoder structure based on shifting
window self-attention.

3. Strengths and Inherent Structural Advantages

Hybrid networks currently achieve state-of-the-art performance on major medical image
segmentation benchmarks. They balance local boundary detail with global contextual
awareness, reducing false positives in distant healthy tissues.

4. Critical Observations and Architectural Failures

The primary disadvantage of hybrid architectures is their high computational and structural
complexity. These networks are difficult to optimize, require careful tuning of large parameter
sets, and lack standardized design patterns, which complicates deployment in clinical
hardware.

F. Explainable AI (XAI)-Native and Post-Hoc Frameworks

Explainability methods aim to open the black box of deep neural networks, providing clinical
stakeholders with interpretable maps of model decision-making.

1. Algorithmic Formulations of Post-Hoc Explanations

e Grad-CAM (Gradient-Weighted Class Activation Mapping): Computes class-

specific saliency maps by evaluating the gradients of a target logit score ¥/ with respect

. . k
to the final convolutional feature activations A :

.1 ay°
o =722 aF
i J z,

((‘;'I'(I(I—C.-‘l.“\l = ReLU (Z a;.AI‘>
ke

The ReLU operation ensures the model only visualizes features that positively contribute to
the target class assignment.

e Grad-CAM++: Introduces higher-order partial derivatives to weight the feature
activations, providing superior localization for complex lesions and multi-focal tumors.
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o Integrated Gradients: Computes pixel-level attributions by accumulating gradients
along a linear path between a neutral baseline image $x'$ and the input image $x$:

= OF (' + a(z — ')

IGi(z) = (zi — ;) % /0 oz;

do

2. Model-Agnostic and Perturbation Frameworks

e LIME (Local Interpretable Model-agnostic Explanations): Approximates the
behavior of a complex deep network locally around a specific input instance by training
an interpretable linear surrogate model on perturbed versions of that input.

o SHAP (Shapley Additive exPlanations): Leverages game-theoretic formulations to
distribute credit for the model's predictions among individual input voxels based on
their marginal contributions.

3. Strengths and Inherent Structural Advantages

XAl tools provide an audit trail for clinical models. They allow radiologists to visually confirm
whether a segmentation decision is based on valid pathological indicators or influenced by out-
of-distribution artifacts.

4. Critical Observations and Architectural Failures

Most common XAl frameworks operate purely as post-hoc overlays rather than interacting
with the underlying model optimization loop. Methods like Grad-CAM generate coarse, low-
resolution heatmaps that lack the fine-grained precision required to accurately validate complex
tumor boundaries. Furthermore, these explanations can be sensitive to gradient saturation
effects in deeper network layers.

G. Synthesis of Structural Trade-offs across Methodologies

The following comprehensive synthesis matrix directly details the structural performance
profiles across all six core architectural groups:

Receptive Boundar Foundatio | Computatio | Intrinsic Prlmar.y
Core . y Operation
Field / . . | nal nal Level of
Taxonomy Delineati . . | al
Context Inductive | Resource Interpretabi .
Group on . . Vulnerabil
Scope . . Biases Demands lity .
Precision ity
Classical ngh}y High for | High . Minimal Opaque, Fails to
CNN localized local (Spatial (highl uninterpretab | segment
(slow borders, locality, ghly le black box | large
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Attention | targeted (filters out | (Gated Moderate- interpretable | optimizatio
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Transform | . . resolution | dense . . . .
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from layer 0 on) ) profiles) chaotic) resource
usage
Medium Complex
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ks . to coarse | model backprop . prone  to
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V. Comprehensive Paper-Wise Critical Analysis

This section systematically analyzes key literature contributions across the structural
taxonomy, tracing the historical development and trade-offs of deep learning in brain tumor
segmentation.

Early CNN Implementations and Receptive Field Deficiencies

The transition from traditional machine learning models to deep neural networks began with
patch-based CNN pipelines. Pereira et al. [21] proposed an early 2D CNN framework
evaluated on the BraTS 2013 and 2015 benchmarks. Their design demonstrated that deeper
convolutional stacks could outperform handcrafted features by learning complex intensity
representations. However, because the architecture processed small isolated patches, it lacked
global contextual awareness, resulting in fragmented predictions along diffuse tumor margins.

To address these spatial limitations, Havaei et al. [22] introduced a two-pathway CNN
architecture designed to extract local and global features simultaneously. The model processed
input patches through parallel streams using different kernel diameters. While this multi-stream
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layout improved macroscopic context extraction, it lacked structural skip connections, which
caused fine-grained details to degrade in the deeper processing layers.

Kamnitsas et al. [23] extended this multi-scale concept into three dimensions with
DeepMedic, a 3D CNN architecture that utilized dense dual-pathway processing combined
with a 3D Conditional Random Field (CRF) post-processing layer. DeepMedic established
early benchmarks on volumetric segmentation tasks. However, its multi-scale 3D layout
introduced high computational and memory costs, making it difficult to deploy in clinical
environments with limited hardware resources.

The Inception of the U-Net Architecture and Early Variations

The biomedical segmentation paradigm shifted with the introduction of the U-Net architecture
by Ronneberger et al. [11]. Its symmetric contracting and expanding paths combined with
high-resolution skip connections allowed for end-to-end semantic mapping from full images.
Despite its success, the baseline architecture relied on 2D slices, which discarded valuable
spatial correlation between consecutive cross-sectional scans.

Cicek et al. [12] addressed this by introducing 3D U-Net, replacing 2D operations with fully
volumetric 3D convolutions. This variant improved spatial consistency across slices, but the
3D formulations led to a massive increase in parameter weights and memory consumption,
which required researchers to downsample input data or use tightly cropped sub-volumes.

Concurrently, Milletari et al. [13] introduced V-Net, a 3D encoder-decoder network optimized
using a novel Dice coefficient objective function. This formulation directly addressed severe
class imbalances by focusing training updates on structural overlap rather than background
pixels. However, V-Net exhibited high sensitivity to hyperparameter variations, occasionally
causing training loops to diverge when processing scans with small or multi-focal lesions.

Structural Optimizations and Advanced U-Net Variants

As the limits of baseline encoder-decoder structures became apparent, researchers focused on
optimizing internal connectivity profiles. Zhou et al. [10] designed UNet++, which replaced
rigid, direct skip connections with nested, dense convolutional blocks. This architecture
reduced the semantic gap between encoder and decoder feature maps, improving localization
accuracy. However, this dense connectivity model increased memory requirements and
inference times, limiting its feasibility for real-time deployment.

Oktay et al. [9] developed the Attention U-Net, integrating soft attention gates into the
upsampling pathway. These gates dynamically weighted incoming features, allowing the
network to focus on relevant pathological zones while suppressing background tissue
signatures. This addition improved performance on small lesions, though it introduced
additional hyperparameter dependencies and increased optimization complexity.
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Ibtehaz and Rahman [52] proposed MultiResUNet to address spatial variations in multi-
modal sequences. They replaced standard convolutional pairs with multi-resolution blocks
inspired by Inception architectures, and introduced residual pathways to smooth out training
gradients. While highly accurate, the increased structural density raised concerns regarding
processing overhead.

Jha et al. [S3] presented Double U-Net, cascading two sequential U-Net frameworks where
the secondary decoder was enriched with pre-trained features. This design achieved high spatial
accuracy but doubled parameter counts and computational demands.

The Self-Configuring Framework Paradigm

A milestone in empirical optimization was reached with the development of nnU-Net by
Isensee et al. [12]. Breaking away from the trend of bespoke architectural design, the authors
demonstrated that a stylized, regularized baseline U-Net could consistently outperform
complex custom networks if the entire pipeline—including preprocessing steps, data
augmentation policies, patch sizes, and learning rate schedules—was systematically adapted to
the target dataset's characteristics.

The nnU-Net framework automatically configures these parameters based on data properties,
establishing state-of-the-art benchmarks across various iterations of the BraTS challenge.
Nevertheless, its reliance on extensive multi-stage training ensembles requires substantial
hardware infrastructure, making rapid iteration difficult.

The Evolution of the Transformer Architecture

The success of attention models in natural language processing led to the introduction of the
Vision Transformer (ViT) by Dosovitskiy et al. [15]. ViT discarded standard convolutional
layers entirely, processing flattened image patches as sequential tokens through multi-head
self-attention mechanisms. While ViT captured global dependencies across entire image planes
from the earliest layers, it lacked the inductive biases inherent to CNNSs, such as translation
equivariance and local spatial awareness. As a result, the model required extensive large-scale
pre-training datasets to learn basic spatial structures.

Chen et al. [13] addressed these localization deficiencies by introducing 7ransUNet, a hybrid
architecture that leveraged a CNN backbone to extract high-resolution localized features,
which were then contextualized by a transformer encoder. The combined features were
processed through a standard convolutional decoder to recover fine spatial detail. TransUNet
balanced local boundary delineation with global relationship modeling, but its hybrid design
inherited high parameter counts and computational costs.

Hatamizadeh et al. [14] extended hybrid modeling into volumetric space with UNETR,
utilizing a pure transformer encoder to ingest 3D image patches connected directly to a 3D
convolutional decoder via skip connections. UNETR performed exceptionally well at mapping
large, irregular tissue alterations, but calculating self-attention across large 3D token sequences
resulted in high computational overhead.
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To improve efficiency, Cao et al. [60] designed Swin-Unet, an encoder-decoder network
constructed entirely from Swin Transformer blocks utilizing a shifting window mechanism.
This layout restricted self-attention computations to localized, non-overlapping windows while
allowing cross-window communication, reducing computational complexity from quadratic to
linear relative to image size. Despite these optimizations, Swin-Unet remained susceptible to
fine-grained spatial errors along complex structural borders.

Critique of Explainability Methodologies

As segmentation models grew more sophisticated, verifying their clinical safety became a
priority, driving research into explainability frameworks. Selvaraju et al. [16] developed
Grad-CAM, which generated class-specific visual attribution heatmaps based on the gradients
flowing into the final convolutional layer. Grad-CAM was widely adopted due to its simplicity
and computational efficiency, but its heatmaps were limited by the coarse spatial resolution of
the deepest feature maps, making it unsuitable for validating intricate, voxel-level boundary
definitions.

Chattopadhyay et al. [17] introduced Grad-CAM=++ to provide improved localization
accuracy by incorporating higher-order partial derivatives to weight spatial feature responses.
While Grad-CAM++ offered clearer alignment with multi-focal lesions, both methods
remained susceptible to gradient saturation effects, where deeper layer features stop generating
meaningful gradient signals during intense backpropagation.

Ribeiro et al. [18] proposed LIME, a model-agnostic technique that perturbs input features to
learn a local linear surrogate model. While flexible, LIME is computationally expensive when
applied to high-resolution multi-sequence MRI data due to the thousands of forward passes
required per volume.

Lundberg and Lee [19] introduced SHAP, utilizing game-theoretic formulations to distribute
feature attribution values among input voxels. Although mathematically rigorous, SHAP's high
computational demands have largely restricted its application to low-dimensional classification
tasks, limiting its use in real-time volumetric segmentation pipelines.

V1. Cross-Dataset Robustness, Domain Shifts, and Benchmark Metrics

To transition automated segmentation architectures from curated laboratory benchmarks into
real-world clinical environments, models must maintain robust performance across varied,
multi-institutional datasets.

Dataset Evolution and the Role of the BraTS Benchmark

The primary driver of algorithmic progress in this field has been the Brain Tumor
Segmentation (BraTS) Challenge datasets (e.g., Menze et al. [65], Bakas et al. [66]). Initially
launched with a small collection of expert-annotated cases, the benchmark has grown to
encompass thousands of multi-parametric MRI volumes. Each case is curated to include
standardized T1, Tlce, T2, and FLAIR sequences, fully aligned to a common anatomical space
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33 . 2 ) .
(1 mm” isotropic resolution] and annotated for three target tumor sub-regions: the
Enhancing Tumor (ET), the Tumor Core (TC), and the Whole Tumor (WT).

While the BraTS benchmark has provided a structured environment for testing new
architectures, it has unintentionally created an evaluation bias. The datasets are highly
standardized, with uniform orientation, pre-processed intensity ranges, and minimal artifact
presence. Real-world clinical workflows, by contrast, present significant variance.

The Challenge of Domain Shift and Multi-Institutional Variance

When deep learning models trained exclusively on standardized benchmarks are deployed in
real-world clinical environments, they frequently experience significant performance
degradation. This vulnerability stems from domain shift—inherent statistical differences
between the training data distribution and real-world deployment distributions, driven by
several technical factors:

e Scanner Heterogeneity: Variations in magnetic field strengths (1.5T vs. 3.0T) and
hardware differences across scanner manufacturers (e.g., Siemens, GE, Philips)
introduce variations in signal-to-noise ratios, contrast definitions, and tissue boundary
definitions.

e Acquisition Protocol Diversification: Minor modifications in clinical scanning
protocols—such as adjusting the Echo Time (T_E), Repetition Time (T R), or
Inversion Time (T I)—can significantly alter intensity profiles across multi-sequence
scans.

o Artifact Proliferation: Real-world clinical volumes are frequently affected by patient
motion artifacts, radiofrequency field inhomogeneities (B 1 field bias), and partial
volume effects, which distort the smooth intensity distributions that models expect.

Quantitative Evaluation Metrics

Validating structural performance and generalization capability requires a strict combination of
spatial overlap and boundary distance metrics:

e Dice Similarity Coefficient (DSC): Measures voxel-wise overlap accuracy, scaling
from 0 (complete mismatch) to 1 (perfect spatial alignment):

2Y N P|

« Hausdorff Distance (95th Percentile - HD:) : Evaluates the maximum distance
between the true boundary surfaces of the target mask ($ \partial Y $) and the predicted
mask ($ \partial P $). The 95th percentile is used rather than the true maximum to
minimize sensitivity to small outlier voxels:
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VII. Identified Research Gaps, Architectural Trade-offs, and Clinical Hurdles

A rigorous evaluation of the literature reveals several systemic limitations that continue to
impede the integration of automated deep learning tools into clinical workflows.

1. The Post-Hoc Explainability Gap

Current explainability techniques applied to neuro-oncology models operate almost
exclusively as post-hoc overlays. Methods like Grad-CAM provide coarse visualizations after
model training is complete, rather than influencing the optimization path itself. This disconnect
can lead to explanation unfaithfulness, where the generated saliency maps do not accurately
reflect the true internal reasoning of the underlying model. Furthermore, these methods lack
rigorous quantitative validation frameworks; evaluation remains largely qualitative, relying on
subjective visual audits by radiologists rather than standardized correctness metrics.

2. High Computational Complexity vs. Clinical Deployment Realities

Modern top-performing architectures, particularly hybrid networks and large vision
transformers, achieve marginal gains in Dice scores at the cost of massive parameter expansion
and high computational demands. These models require high-end GPU configurations to run
inference, which conflicts with the budget-constrained IT infrastructures typical of many
community hospitals and clinical clinics. There is a notable shortage of lightweight, highly
regularized architectures designed for resource-constrained environments.

3. Lack of Extrapolative Generalization and Domain Adaptability

Most published segmentation models remain highly brittle when evaluated outside their
primary training datasets. This vulnerability is exacerbated by a lack of generalized domain
adaptation strategies within model design. When a model encounters data from an unfamiliar
scanner or a non-standard acquisition protocol, its performance profile can degrade rapidly,
occasionally leading to structural hallucinations that undermine its diagnostic reliability.

4. Boundary Ambiguity and Diffuse Lesion Failure

At a structural level, standard models regularly struggle to segment diffuse, low-grade gliomas
and infiltrative peritumoral edema regions. Because these tissue zones feature ambiguous
margins with subtle intensity variations, networks driven primarily by local intensity values
often fail to trace true pathological borders, leading to under-segmentation that can negatively
impact surgical and radiotherapy planning.

VIII. Future Horizons and Concluding Frameworks
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To address these research gaps and clinical hurdles, the next generation of deep learning
research in neuro-oncology should focus on several key methodologies:

1. Transitioning to Ante-Hoc, Inherently Interpretable Architectures

Rather than relying on coarse, post-hoc explanations, future research should prioritize
developing inherently interpretable architectures. This involve embedding transparent
decision paths—such as prototypical part networks, invertible neural pathways, and
standardized internal attention constraints—directly into the model's structure. By forcing the
network to base its segmentation decisions on explicit comparisons with learned, verifiable
disease prototypes, the resulting outputs become self-explanatory and clinically auditable.

Plaintext

[Input MRI] —P> [Invertible Layer / Prototype Mapping] —» [Auditable Feature
Routing]—PWP [Verified Delineation] A

L—(Clinician Audit Loop)

2. Advancing Continual Learning Frameworks

Clinical deployment models must adapt dynamically to changing hospital hardware, newly
introduced scanning sequences, and diverse patient demographics without experiencing
catastrophic forgetting. Integrating continual learning frameworks supported by evolutionary
replay buffers allows models to update their parameter weights based on new clinical
distributions while retaining vital knowledge from past training runs.

Plaintext

New Domain Ingestion —» [Dynamic Parameter Adaptation] —P» [Evolutionary Replay
Buffer Audit] —P Preserved Base Performance

3. Implementing Multi-Modal Self-Supervised Pre-training

To reduce the dependency on large collections of expert-annotated data, future pipelines should
focus on developing advanced self-supervision strategies. By pre-training networks on massive
repositories of unlabeled multi-parametric brain volumes using self-supervised proxy tasks
(e.g., contrastive learning, masked volumetric reconstruction, 3D anatomical swapping),
models can build robust, generalized structural representations before fine-tuning on targeted
clinical datasets.

4. Designing Hardware-Efficient, Highly Regularized Networks

To support deployment across diverse clinical settings, emphasis must be placed on structural
optimization techniques, such as structured parameter pruning, deep network quantization, and
knowledge distillation frameworks. Distilling the capabilities of large hybrid ensembles into
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compact, highly regularized architectures enables accurate, real-time volumetric segmentation
on standard hospital workstation hardware.
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