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settings. The system will facilitate effective segmentation while maintaining high
diagnostic reliability. The quantitative analysis yields promising results, with a mean Dice
coefficient of 0.89 + 0.04, a sensitivity of 81.5%, a specificity of 95.9%, and an AUC-ROC
greater than 0.90. It has a mean inference time of 0.65 seconds per image and moderate
memory requirements, making it easy to integrate into a typical hospital computing
infrastructure. The findings suggest that the tool offers a good compromise between
segmentation accuracy, computational efficiency, and clinical usability. This balance may
support feasible Al-based decision support in neuro-oncology.
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1. Introduction

Brain tumours are among the most critical health challenges around the world because of the high number of incident
cases. Accurate delineation of the tumour boundary, which requires analysis of medical imaging such as Magnetic Resonance
Imaging (MRI) scans, has been an important task in the medical field. Currently, the medical imaging technique of choice in
neuro-oncology is the MRI scan [1]. However, traditional techniques of manual delineation of the medical scan by a doctor or a
radiologist, which are considered to be the gold standard in the related medical field, involve a number of drawbacks in
themselves. These include being highly time-consuming (usually taking at least 30-45 minutes per patient) and being highly
prone to human fatigue. All the above challenges are even more prominent with the growing number of medical imaging scans
[2].

Over the past few decades, deep learning techniques have transformed medical image analysis by enabling high levels
of pattern recognition and extraction. Among these, CNNs with architectures such as U-Net and DeepLabV3+ have achieved
great success in image segmentation tasks. Their performance often matches or even exceeds human experts [1]. Despite this
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progress, the gap between research algorithms and practical implementation remains large. Many research-level algorithms are
difficult to access due to technical challenges and other factors, which limit their use in practice [3].

A precise segmentation effort has various important implications in many areas of patient care. In relation to patient
diagnosis, for instance, it would enable various kinds of cancer to be distinguished, the degree of malignancy to be assessed, and
the stage of progression to be determined. In treatment planning, especially in neurosurgery and radiation therapy, a precise
definition of boundaries would directly influence the extent of resection and irradiation fields, hence having a direct impact on
treatment outcomes and sparing normal brain tissues [4]. In follow-up monitoring, a quantitative description would enable a
reliable description of treatment response and might enable early detection of recurrence. Although these important applications
have become a reality in contemporary patient care, their widespread use in clinics through various automated tools seems to be
slower than expected because of various reasons, such as inaccessibility, inadequacy in clinic validation, and adaptability to
clinic workflow [5].

This paper tackles these challenges by describing the development and thorough assessment of a desktop application
aimed at facilitating the use of advanced brain tumour segmentation in the clinical setting. Our desktop application integrates
valid deep learning models within a convenient graphical user interface, so that a balanced tool with complex models, as well as
a convenient interface, is achieved. This desktop application includes the entire process from data import to interpretation of
results with functions that include dataset management, model training, prediction creation, and analysis. By integrating complex
models within a convenient desktop setting, the technical barrier towards adoption will decrease while still keeping up with the
expected standards in terms of performance in a clinical setting. These are the contributions found in this research work: Firstly,
we developed a full desktop application that integrates modern models of segmentation tasks that are responsive to clinical
workflow. Secondly, we conducted an overall assessment that considers both technical and clinical factors in various aspects.
Thirdly, we demonstrated that sound design within a graphical interface can help integrate specialised models within machine
learning with appropriate clinical applications. This ongoing research study intends to help improve the clinical role of artificial
intelligence through better diagnosis, treatment plans, and patient care within the area of neuro-oncology.

2. Related Works

Roy Choudhury et al. [6] suggested the use of DeepLabV3+ for brain tumour segmentation to overcome the difficulty
of the correct demarcation of the tumour regions in MRI and the maintenance of co-existing scales. Their approach modifies the
DeepLabV3+ encoder-decoder that uses atrous spatial pyramids of pooling to images of MRI slices and experiments with
different loss functions to trade-off quality of regions and boundaries. Findings in the article reveal that DeepLabV3+ generates
competitive segmentation images of entire tumour areas, where boundary localisation is enhanced over some of the base CNNs.
It has been noted to be limited to two-dimensional slice processing (loss of volumetric information) and sensitivity to changes
in MRI intensity and class bias. This paper addresses these limitations by replacing DeepLabV3+ with ResNeXt50 as an encoder
pre-trained on ImageNet (enhancing feature extraction), incorporating skip-connections in U-Net style, and imposing a hybrid
loss of Dice+BCE+boundary to address the issue of class imbalance, and extensive medical-aware augmentation and
preprocessing to reduce variability of MRI intensity.

Isensee et al. [7] suggested the use of the self-configuring framework, named nnU-Net, to overcome the issue of a
lengthy and tedious process of manual tuning that is inherent to medical image segmentation pipelines. Their approach would
automatically optimise preprocessing, network topology (2D/3D), training schedules, and postprocessing to the dataset being
used, and was used to prepare brain tumour segmentation on BraTS 2020. The findings are very good: nnU-Net (and BraTS-
tuned versions of it) took leading positions in BraTS 2020 and scored very high on Dice metrics (e.g., at 0.8895 on whole tumour)
and HD95. The main weaknesses are that the methodology is a heavyweight ensemble, which may be computationally costly,
and that it has less interpretability as to why automatic decisions were made. These are answered in the current study by choosing
one efficient architecture (DeepLabV3+ with ResNeXt50 and U-Net fusion) well-suited to desktop implementation (reduced
memory footprint), and still adhering to the ethos of nnU-Net in terms of dataset-aware preprocessing, powerful augmentation,
and still obtaining high accuracy without large ensembles.

In [8], Fully automatic brain tumour segmentation using DeepLabv3 with variable loss functions, the authors suggest
that the loss weighting schemes of DeepLabV3 variants may be used to address the issues of class imbalance and boundary
errors in low-grade glioma segmentation. They test their method by experimenting with combinations of Dice, focal, and cross-
entropy terms and comparing their results quantitatively on publicly available MRI sets. Findings suggest that Dice can be
significantly enhanced by tuning the loss composition in the case of underrepresented tumour subregions. Limitations are in
terms of the absence of systematic preprocessing and small-scale experiments, which restrict any statement of generalisation
across centres. The current research builds upon this methodology by (1) integrating Dice + BCE + an explicit weighted loss
that is based on ablation (0=0.4, f=0.4, y=0.2), (2) using robust N4 bias editing and histogram matching, and (3) testing on
BraTS and cross-dataset splits to enhance its generalisation and clinical significance. ([ResearchGate][4])
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Saeed et al. [9] researchers suggest a three-step explainable pipeline: tumour is initially segmented by DeepLabV3+,
then tumour type is predicted by learned features, and finally, XAl methods are used on predictive model decisions; they propose
to address the issue of trust and transparency in Al in neuro-oncology. They consider the Bayesian hyperparameter tuning of
segmentation and features out of classifiers (e.g., Darknet53) to downstream SVM classification, together with saliency/XAlI
visualisations. Findings indicate that there is good segmentation and subsequently interpretable classification maps to aid the
inspection of model behaviour by clinicians. Con restraints are the inability to quantify the uncertainty of segmentation maps
and the possibility of domain shift between segmentation and classification phases. The current work fills such gaps and
introduces an uncertainty estimation module with the segmentation pipeline (per-pixel confidence maps) and the segmentation
backbone (ResNeXt50) being optimised to use features that are more useful in a downstream clinical setting, and having the
entire pipeline integrated in a desktop setting to be reviewed by clinicians.

Abrar et al. [10] offered an attention-enhanced version of the U-Net to resolve the background noise and low boundary
discrimination issues in the brain MRI segmentation. They combine attention gates that are adaptable with the U-Net decoders
to reduce irrelevant context and reinforce the propagation of tumour features. Findings indicate better Dice and boundary metrics
on tested data compared to vanilla U-Net, particularly in small/low-contrast lesions. It has limitations, such as 2D slices
experiments and cross-site validation, which may diminish robustness in heterogeneous clinical data. The current work is based
on insights into attention, but maintains skip connections in the U-Net style, uses a more powerful ResNeXt50 encoder and
ASPP (DeepLabV3+) to obtain multi-scale context; moreover, the hybrid loss with boundary weighting explicitly concerns edge
accuracy, and the pipeline incorporates medical-aware augmentations to promote cross-site robustness. ([PMC][6])

Talukder et al [11] introduce an Attention-based Convolutional U-Net (ACU-Net) to address the problem of
inconsistencies in segmentation of each MRI mode (T1, T2, FLAIR) through a fusion of modality-specific encoders and
attention-gated decoders. Their approach does multi-modal feature fusion and employs modality-aware normalisation; the
findings indicate significant enhancements on BraTS variants of whole-tumour and core segmentation. Drawbacks are
computational complexity and all modalities being required at inference (drawbacks when the modalities are not available). The
current paper mitigates these weaknesses by creating versatility in the desktop pipeline to support single or multi-sequence inputs
(the user may choose the available sequences), enabling the use of strong intensity normalisation to minimise dependence on
modality, and selecting a ResNeXt50 backbone with a moderate parameter to balance precision and speed in resource-
constrained clinical environments.

Xiong et al. [12] introduced the YOLO-BT method that integrates detection and segmentation concepts to address the
shortcomings of irregular tumour shapes and large-scale variations. The authors propose fast and crude localisation with refined
segmentation. Their approach provides a detection phase based on a UNetV2 segmentation head and attention to concentrate on
candidate regions. Findings purport better speed and decent segmentation on the experimental sets. The drawbacks are that it
may miss small lesions during the detection phase, and the pixel-level accuracy is lower than that of full-resolution segmentation
models. The current work maintains the objective of efficiency but does not impose loss of coarse filtering, instead conducting
full-image segmentation with DeepLabV3+ + U-Net fusion and cautious data augmentation (elastic and medical constraints) to
retain the ability to sense small lesions without any further reduction in the inference speed (~0.65 s/image) with desktop
computing.

Georgescu and lonescu [13] suggested using Diversity-Promoting Ensembles (DiPE) as a remedy to model overfitting
and poor generalisation, which is defined by the combination of heterogeneous U-Net variants and training policies that aim to
represent complementary error modes. Their approach promotes the decorrelation among members of an ensemble and the
consolidation of results to achieve powerful segmentation. Findings show improvements in collective output on gastrointestinal
and medical partaking dissecting evaluation metrics. Disadvantages are the high ensemble cost in computation and storage, and
practical challenges in implementing ensembles in limited clinical settings. The current paper focuses on these drawbacks by
implementing one powerful hybrid model (DeepLabV3+ with ResNeXt50 and U-Net style decoding) that inherently encodes
multi-scale diversity (ASPP + skip connections) such that the final benefits of the ensemble are estimated without the cost of
using ensembles, thus enabling deployment on a desktop.

Ferrando Garrido et al. [14] suggested a systematic comparison of U-Net-based solutions on BraTS to address the
necessity to benchmark and comprehend the method trade-offs. Their work also compares variants (3D U-Net, attention variants,
lightweight versions) in metrics and computational budgets. Findings point to the high baseline of U-Net and indicate trade-offs:
small models with fewer parameters can be more inaccurate in boundary prediction, and large models can achieve volumetric
fidelity at a higher cost. There are such constraints as fast-changing architectures (transformers, hybrid models) cannot be
covered, and not all comparisons contain the same preprocessing. The current work capitalises on these benchmarking lessons
by selecting a hybrid that is a trade-off between volumetric context (slices aggregation and z-aware augmentations) and boundary
accuracy (boundary loss), and practical hardware requirements, mapping the optimal trade-offs observed during the comparative
analysis to a desktop application.
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Obayya et al. [15] offered the brain tumour segmentation model to correct the shortcomings of ordinary U-Net-based
models in the distinction of detailed tumour borders and the decision of in-depth shape variations. Their approach implements
nested skip routes and further feature fusion schemes, which seek to provide more integration of both deep and shallow features
between stages of the encoder-decoder to enhance segmentation accuracy. The analysis with benchmark MRI data demonstrates
that the presented variant of the nested U-Net model leads to better Dice and IoU results than the basic U-Net models would,
which means that the proposed architecture could delineate the tumour areas more accurately and be induced to operate with
heterogeneous tumour morphologies. Limitations are, however, the dependency on the 2D slice processing that may lose
volumetric context and a relatively high level of computational complexity because of the addition of skip connections. These
limitations are mitigated in the current work by the use of a ResNeXt50 backbone with atrous spatial pyramid pooling of
DeepLabV3+ to account for multi-scale context, 2D prediction in combination with medical-aware augmentation, and running
in a desktop environment designed to be both fast and generalizable.

Pourmahboubi et al. [16] suggested a U-Net architecture based on transfer learning to enhance the segmentation of
brain tumours using a small amount of labelled data. Their approach combines a pre-trained VGG19 encoder in a U-Net
architecture to take advantage of representations of features trained on large natural image datasets, including the difficulty of
medical imaging of small datasets and variation in the signal intensity of MRI images. They test the model on lower-grade
glioma MRI scans of TCGA and prove that the model achieves better segmentation and a distinct definition of abnormal areas
than standard U-Net strategies. Nevertheless, there are shortcomings such as relying on a single MRI sequence (FLAIR) and
insufficient examination of multi-modal MRI inputs, potentially diminishing the cross-imaging protocol feasibility. The current
research paper overcomes these constraints by assisting several MRI sequences (T1, T2, FLAIR) in the preprocessing chain, as
well as using intensive medical-aware augmentation to simulate clinical variability, and hybrid architectures (DeepLabV3+ +
U-Net) to improve the segmentation of heterogeneous tumours.

JS et al. [17] suggested a Multiscale Attention U-Net that has an EfficientNetB4 encoder to improve the results of
segmentation on brain tumour MRI. Their approach combines the multi-scale feature extraction and attention to more effectively
capture the relevant tumour characteristics at different resolutions and remains computationally efficient. Findings indicate that
the architecture results in a substantial enhancement of Dice coefficients and boundary scores compared with the conventional
U-Net in a variety of tumour subregions, which is a strength in adapting to diverse tumour sizes. There are such limitations as
the use of one backbone (EfficientNetB4) that might fail to generalise best with a wide range of datasets and has potential
sensitivity to noise in low-contrast areas. The current work surmounts these shortcomings with a more potent ResNeXt50
backbone, atrous spatial pyramid pooling to explicitly simulate the context of multiple scales, and hybrid losses (Dice + BCE +
boundary) to enhance boundary accuracy even in demanding imaging scenarios.

Appavu et al. [18] suggested the hybrid architecture of dual-scale residual attention based on Swin Transformer blocks
and dense atrous spatial pyramid pooling (DASPP) in brain tumour segmentation to address the problem of both local fine details
and the global context. They use EfficientNetB4 as an encoder and further improve multi-scale feature fusion that reportedly
shows very high Dice scores (99.8) and accuracy in boundary locations that are significantly better than traditional U-Net,
Attention-U-Net, and other hybrid models. Still, there are restrictions such as the possible over-fitting owing to the extremely
high reported performance without the extensive independent testing, and significant computation requirements owing to
transformer and dense modules. The current research counters such a worry by balancing the complexity of the model and
efficiency, choosing computationally efficient backbones, combining robust augmentation and hybrid loss functions to enhance
generalisation, and testing on a wide range of clinical datasets without compromising desktop-friendly inference speed.

3. Methodology

The proposed automated brain MRI tumour segmentation system will be designed with the help of a structured four-
layer architecture that guarantees the structured data flow between acquisition and final clinical reporting. The architecture is
made of a data storage layer, a preprocessing pipeline, a deep learning layer, as well as an output and application layer. This
layered architecture enhances modularity, maintainability, and usability in real-world clinical settings.

The initial layer is the data storage layer, which handles the arrangement and storage of MRI datasets. It can be trained
on publicly available benchmark data, including BraTS 2020, or on locally obtained clinical MRI data. All the images and
respective ground-truth segmentation masks will be organised systematically into training and validation subsets. The metadata
and file indexing are stored in a centralised repository of datasets to guarantee the reproducibility and efficient access in the
process of model training and evaluation. Such a system of data management allows systematised experimentation and result
traceability. The second tier is the data preprocessing pipeline that standardises MRI images to avoid variability due to scanner,
acquisition protocol, and patient-specific intensity distribution differences. The preprocessing process starts with N4 bias field
correction to eliminate low-frequency intensity inhomogeneities that are found in the MRI scans. The histogram matching is
then used to normalise intensity distributions among images, to match a reference template, and to enhance inter-patient
consistency. In order to minimise noise and preserve significant structural edges, especially on the edges of the tumour,
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anisotropic diffusion filtering is used. All the images are then reduced to 256 x 256 using bi-cubic interpolation to maintain
consistency in input size and to trade off between calculated performance and spatial resolution. Data Augmentation is used
during training to improve the capability of generalisation. These are geometric transformations, i.e., rotation, translation, and
scaling, and hybrid transformations, i.e., contrast variation and the addition of Gaussian noise. These steps expand the data
variety and minimise the probability of overfitting.

Layer 4 - Output & Application Layer

| Segmentation Masks I 3D Visualization Clinical Report

Layer 2 - Data Preprocessing Pipeline Data Augmentation
« Geometric Transform
N4 Bias Field | | Histogram | Anisotropic Diffusion *_Intensity Transform
Correction Matching Filtering Resize to 256x256
(Bi-cubic)
Layer 1 - Data Storage Layer f

e @ —_—
fini TS
Clinical Data MRI Dataset Storage Validation Set _—

Figure 1. Model Block Diagram

The third level is the inner deep learning element of the system. To take advantage of the complementary advantages
of various segmentation strategies, a hybrid deep learning architecture is applied. The model combines a U-Net network to allow
pinpointing the exact location with a U-Net encoder-decoder skip connections, attention to highlight the areas relevant to tumours
and to filter out the irrelevant background data, and the residual block to stabilise gradient propagation in the deeper layers. The
encoder backbone uses ResNeXt50, which provides the enhancement of the feature representation with the use of grouped
convolutions and residual learning. Moreover, the elements of DeepLabV3+, such as Atrous Spatial Pyramid Pooling (ASPP),
are also added to represent the multi-scale contextual information. This is more relevant in the correct division of tumours of
different sizes, shapes, and intensities. The network generates pixel-wise probability maps, which are transformed to binary
segmentation masks. A mechanism of uncertainty estimation also gives an indication of confidence to every prediction, which
increases the dependability of clinical interpretation. The last is the output and application layer, in which the model predictions
are converted to clinically useful outputs. Segmentation masks created are visualised immediately to be analysed, and successive
slices can be reconstructed to give three dimensional visualization of the tumour. Automatic calculation of quantitative measures
of tumour volume, Dice similarity coefficient, specificity, and sensitivity. These findings are summarised into tabular clinical
reports to facilitate the process of medical decision-making.

3.1 System Architecture

CASE-tool-based system architecture is designed as layered and modular. Thus, the system hasthe advantage of being
modular as well as integrated. Modular systems are easier to maintain and modify; in integrated systems, all aspects remain
interconnected. At the base of the system is the storage layer that deals with storing medical images along with the related
segmentation masks and metadata. A number of file types are supported by this layer, such as DICOM, NIfTI, and common
image types like JPEG, PNG, and TIFF. Then, there is a processing element above this level, which is responsible for managing
a range of tasks related to image processing. The tasks include image preprocessing, augmentation, normalisation, and
standardisation. This element integrates a pipeline architecture, whereby a range of tasks can be orchestrated depending on
particular needs. The deep learning model element is actually the core of computation. It is responsible for implementing
algorithms of image segmentation using appropriate architectures of neural networks, which are particularly customised for
medical imaging.
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The application layer is where these elements are integrated via a unified GUI, as shown in Figure 2, making complex
functionalities easily understandable by following the intuitive design of the graphical user interface and visual responses given

by it.
!
(=) Brain Tumor Segmentation System

DHome = Dataset 8 Prediction @ Training @ Results

Welcome to Brain Tumor Segmentation System

£y Dataset Management @ Tumor Segmentation

m#

Figure 2. Model GUI

The Model View Controller strategy is applied in the application layer, which has resulted in making the process of
data management, user interfaces, and controlling processes clear and more maintainable. The separate modules in this layer of
the system manage the functionalities of visualisation and export functionalities.

3.2 Dataset Preparation and Management

The software proposed has an expert data management platform that can support heterogeneous MRI data from public
benchmarks and institutional clinical data. The main datasets that were used in experiments in this paper are the BraTS 2020,
and added to them some local clinical MRI scans. The BraTS 2020 dataset comprises about 369 cases of multimodal MRI cases
to be used in training that comprise T1, T1-contrast (T1-Gd), T2, and FLAIR sequences. Every case is completely annotated
with ground truth masks of experts marking subregions of tumours (whole tumour, tumour core, and enhancing tumor). The
pixel-level inherent imbalance of the dataset is in the fact that the tumour locations do not take up a large portion of the image
as compared to healthy brain tissue. Training helps resolve this issue of class imbalance by formulating hybrid losses and
augmentation approaches.

The original format of all MRI volumes is NIfTI format with different spatial resolutions. To ensure computational

consistency, slices are cut out and reduced to 256 x 256 pixels with bi-cubic interpolation. The values of intensity are normalized
to provide inter-patient consistency. Clinical data incorporated into the system can be DICOM and NIfTI files, and patient
identifiers, imaging sequences, and metadata can be automatically parsable to remain well-structured. In importing the data,
validation tests are conducted to verify the completeness of images, consistency of space, and the correct range of images. The
system helps to check the correspondence of the dimension between images and matching segmentation masks, spot missing
slices, and validate the availability of modality. Inconsistencies are detected prior to training or inference.
The dataset manager keeps a centralised record of all the imported images and annotations. Data can be filtered by modality (T1,
T2, FLAIR), tumour grade, or study group, and custom subsets can be generated to be experimented with. Every operation, such
as preprocessing steps, augmentation parameters, and data splits are recorded in a way that allows reproducibility and traceability
of the experimental settings.

3.3 Preprocessing Pipeline

The pre-processing of the image is done based on a standardised yet flexible processing pipeline to generic challenges,
which are related to medical imaging, instead of challenges that are specific to the domain of SLE. The initial action, shown in
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Figure 3, for this procedure involves intensity normalisation that is carried out by using N4 bias correction, which is inherent to
MRI to overcome irregularities in MRI data and histogram matching so that the intensity values are conveyed in a normalised
range irrespective of the modalities employed in imaging. When the images do not require spatial normalisation (that is, to be
affinely aligned to a standardised template in the MNI space), one can avoid the step of spatial normalisation.

Preprocessing and Augmentation Pipeline
MRI Input Data
T1+T2+FLAIR * T1-Gd

N4 Bias Field Corretion
(Intensity Inhomogeneity)

Histogram Matching
(Inter-Patient Normalization)

Optional Spatial Normalization E
(MNI Space) ]

(Noise Removal)

3

Intensity Windowing
(Contrast Adjustment)

[ Anisotropic Diffusion Filtering ]

Resize to 256x256
(Bi-Cubic Interpolation)

Preprocessed MRI Output

N & N
Geometric Transformations Intensity Transformations

\ i |
1 1 1

i i |

- Rotation (+15°) ) | = Contrast variation {
+ Translation (+10%) R « Brightness shifts )
« Scaling (0.9~1.1x) i i « Gaussian noise (0=0-0.05) '
(Anatomically Constrained) ] ! 2

Curriculum-Based Augmentation Scheduling
(Increasing Intensity Over Epochs)

Model Input
(Final Data)

Figure 3. Preprocessing Pipeline

Most of the standard processing step comprises of multiple major operations. Image resizes employs the bi-cubic
interpolation to downsample all its images to a 256x 256 in an optimal size, which is the result of balancing between processing
speed and preserving features. The intensity windowing enables the image contrast to be adjusted depending on the type of tissue
used. The user is free to pick among various MRI sequences (T1, T2, FLAIR, and T1-Gd). Reduction of noise makes use of
anisotropic diffusion filtering, which is able to eliminate random noise as well as preserve sharp edges in the picture, particularly
in low signal regions. Z-score normalisation is the final process of image processing.

While training the model, full data augmentation enhances model generalisation by introducing more variance within
the data. The data augmentation pipeline consists of geometric transformations and intensity transformations, in which the
augmentation parameters are randomly calculated. Geometric transformations include random rotations of 15 degrees in each
direction, translations of 10% of the image size, scaling of 0.9-1.1%, or elasticity transformations with carefully restricted
deformation fields. Intensity transformations involve simulations of imaging environment changes, including random changes
in image intensities, contrasts, or the addition of Gaussian noise with inversely varying standard deviations of 0-0.05. The
augmentation process follows curriculum learning principles, whereby the intensity of the augmentation increases with the
training process. This helps the model avoid early saturation. A "medical aware" augmentation module is designed in the system.
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It helps the model avoid deformation with constraints on anatomy. This ensures the model does not learn any misplaced
information. All the parameters of the training augmentation are logged. This helps in reproducibility.

3.4 Model Building

The choice of the segmentation architecture had to strike a balance between efficiency, accuracy, and practicability.
After a thorough comparison of various architectures, the system combines two strategies that complement each other well: U-
Net, which has already been successfully applied to medical image data, and DeepLabV3+, which excels at handling multiscale
information in particular. U-Net’s encoder-decoder design with symmetric paths is well-suited for medical images because it
very effectively incorporates information at different spatial resolutions, as it is crucial for medical images that, on the one hand,
contain detailed information at a resolution close to that of the original pixels, and on the other hand, require a global context
that cannot be gras

DeepLabV3+ further extends this functionality by leveraging Atrous Spatial Pyramid Pooling (ASPP), which enables
capturing multi-scale contextual information while preserving efficiency. The parallelised diluted convolutions with various
rates enable multiple receptive field information incorporation, enhancing tumour segmentation with distinct size and shape
variability. The encoder part relies on a ResNeXt-50 architecture pre-trained on ImageNet, which benefits from transfer learning
that compensates for the problem of domain shift from regular photos to medical ones. Table 1 shows Model Architecture
Specifications and Hyperparameters.

Table 1. Model Architecture Specifications and Hyperparameters

Architecture Configuration Parameters Output Dimensions
Component
Encoder Backbone ResNeXt-50 (32x4d) 25 million Multiple scales: 128%128, 64x64,
32x32, 16x16
ASPP Module Parallel dilated convolutions Rates: 1, 6, 12, 18 256 feature maps
Decoder Blocks Transposed convolution + skip Kernel: 3x3, Stride: 2 Progressive upsampling to 256x256
connections
Segmentation Head 1x1 convolution + sigmoid Channels: 1 256%256 x 1
Loss Function Combined Dice + BCE Weighting: 0.5 each Scalar value
Optimizer Adam with weight decay Learning rate: 0.001, f1: 0.9, Parameter updates
B2:0.999

The implementation of the model is done using a modular design approach with distinct areas for the encoder, the
decoder, and the segmentation head. The encoder obtains a hierarchy of features through a series of convolutional layers with
batch normalisation and ReLU activation. Downscaling through pooling reduces the spatial resolution of the output while
increasing the feature channel size to capture more abstract representations. The decoder uses transposed convolutions to
upsample the feature map and retain spatial information through skip connections from the corresponding layers of the encoder.
The segmentation head uses 1x1 convolutions for producing probability maps, with an option for dropout during training for
regularisation. The network produces binary masks for direct visualisation and probability maps for evaluating uncertainties. An
uncertainty estimation module computes a confidence score for predictions, conveying information for clinicians about the
reliability of segmentation predictions for different regions based on the confidence scores.

The training objective combines region-focused and boundary-focused criteria in one composite loss. At the core sits
Dice loss, maximising overlap between predictions and ground truth; this is complemented by binary cross-entropy terms to
ensure gradients flow to every pixel for more effective learning. A boundary loss is added to penalise mistakes along tumour
edges in morphological images. The complete loss:

Ltotal = aLpjce + BLpce + YLBoundary (1)
where 0=0.4, f=0.4, and y=0.2 are weighting coefficients obtained by an ablation study. The boundary loss uses a distance
transform of the ground truth mask to produce a weight map that heavily weighs around the boundary regions.
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3.5 Training Pipeline Implementation

The training pipeline is very expensive to implement in both the short run and the long run. The suggested system uses
a complete reproducible end-to-end training pipeline that is specifically optimised to handle medical image segmentation tasks.
It uses the PyTorch deep learning platform (version 2.x) with an accelerator being CUDA. All the experiments were done on a
workstation that had an NVIDIA GTX 1660 graphics card with 6GB of VRAM, 16GB of system memory, and an Intel Core i7
processor. Mixed-precision training was also activated with the Automatic Mixed Precision (AMP) to use more computationally
efficient mixed-precision modes and still be able to keep the gradient updates numerically stable. Model parameters are initialised
with He normal weighting that is highly appropriate to deep architectures with ReLU activations and residual links. This allows
the variance to propagate relatively steadily across layers and minimises the chances of vanishing or exploding gradients in the
initial training stages.

The Adam optimiser with B 1 = 0.9, B 2 = 0.999, and a weight decay of 1 x 10 -4 is applied to optimise it. Adam is
chosen because its adaptive learning rate mechanism is particularly beneficial in medical imaging problems that have class
imbalance and are heterogeneous in the distribution of intensity. In early tests, Adam had superior convergence and was more
stable than stochastic gradient descent with momentum. The policy utilised is a cyclical learning rate where the values vary
between 1 x 10 -4 and 1 x10 -2 with a triangular schedule. The lower bound is an insurance of stable convergence in early
epochs, whereas the upper bound gives the model the chance to periodically visit a wider parameter space and prevents the model
from being stuck in shallow local minima. The chosen range was found and fine-tuned empirically when optimising the
hyperparameters and matches the values reported in the literature on segmentation.

The maximum epochs of training are set to 120, and a batch size of 16 is used as a tradeoff between the memory limits
of the GPUs and the stability of the gradient estimates. The patience used to implement early stopping is 15 epochs, and the
training is stopped after it does not experience any improvement in the validation Dice coefficient during the timeframe. The
dataset will consist of 70 per cent training, 15 per cent validation, and 15 per cent testing. Besides, five-fold cross-validation
experiments assist in assessing robustness and minimise the reliance on a single data split. Validation is done after every epoch,
and metrics such as Dice coefficient, Intersection over Union, precision, recall, and validation loss are taken. Data augmentation
is only used during training to increase generalisation and reduce overfitting. Random rotations within the range of £15 degrees,
translations of a maximum of 10 per cent of image size, scaling between 0.9 and 1.1, and controlled elastic deformations with
parameters of deformation a = 15 and sigma = 3 are considered geometric transformations. One of the intensity-based
augmentations is contrast adjustment in the range of -20-20% and Gaussian noise injection with a standard deviation sampled in
0-0.05. The learning strategy used is a curriculum where the rate at which the augmentation is increased is slow at the beginning
of 30 epochs till the convergence is stable, and afterwards, enhancing robustness as the number of epochs increases. The log of
all the augmentation parameters is systematic to guarantee complete reproducibility of the experiment.

Model checkpoints are stored after every five epochs, and after an improvement in validation Dice is found. The model
that gives the highest validation Dice score is chosen to be finally tested in the independent test set. Training All hyperparameters,
updates of learning rates, augmentation parameters, and evaluation metrics are logged in a structured log format, so that they
can be fully traced and are comparable to other methods.

3.6 Hyperparameter Optimisation Strategy

Hyperparameter Optimisation Strategy: It does hyperparameter tuning in a structured multi-step manner, starting with
a broad random sampling to identify promising regions of the hyperparameter space, followed by Bayesian optimisation with
Gaussian processes to refine choices in those high-potential areas. The two goals here are to maximise the validation Dice score
while keeping model complexity in check to avoid unnecessary overfitting. Key hyperparameters such as learning rate, batch
size, and regularisation strength were analysed for sensitivity. Also, the practical constraints on memory limits and training time
are considered. The final hyperparameters are validated with cross-validation. Table 2 presents Hyperparameter Optimisation
Results and Final Selections.

Table 2. Hyperparameter Optimisation Results and Final Selections

Hyperparameter Search Range Optimal Value Performance Impact
Learning Rate [le-5, 1e-2] 0.0012 High: £0.15 Dice for 10x change
Batch Size {4, 8, 16, 32, 64} 16 Medium: £0.08 Dice across range
Weight Decay [0, 1e-2] 1.00E-04 Low: £0.03 Dice for 100x change
Dropout Rate [0, 0.5] 0.2 Medium: £0.06 Dice across range
Epochs [50, 300] 120 (early stopping) High: Plateaus after ~100 epochs

Warmup Epochs [0, 20] 5 Low: +0.02 Dice effect
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3.7 Model Evaluation

Real-time tracking allows for a holistic view of the training dynamic in different visual modalities. The train and
validation loss curves are plotted simultaneously, with confidence intervals calculated using running statistics. Gradients can
also be examined for vanishing or exploding gradients using a gradient flow analysis. The activation statistics track means,
variability, or distributions across the layers, which helps determine the impact of normalisation.

1. It holds out a test set with characteristics of the same distribution, not based on any training data.

2. Its validation is done periodically during training, with measures taken for each epoch, including the completion of one.

3. It computes the metrics of each epoch, such as Dice Loss, IoU Loss, Precision, Recall, and F1.

4. Statistical significance tests are conducted to compare the performances of the training runs using a paired t-test with a
Bonferroni correction.

Metric applies a multi-dimensional evaluation approach by combining the relevance of performance and clinical
relevance. The primary metric of primary segmentation is measured by the usage of region metrics: Dice Similarity Coefficient
(DSC) and Intersection over Union (IoU) in measuring the volumetric overlap of the prediction result and the ground truth image.
The assessment of boundary metric applies the usage of Hausdorff Distance and Average Surface Distance, which includes the
accuracy of performance in the tumorous boundary areas in terms of space. The clinical relevance performance evaluation is
done by applying the error in the measurement of the tumorous volume (Absolute and Percentage Difference), Sensitivity of
tumorous detection (True Positive Rate of tumorous indication), and the False Positive Volume. The performance evaluation of
the inter-observer variation applies the assessment of performance in comparison to the segmentation by the experts, if present.

Performance analysis with varied datasets reveals efficiency in varied imaging scenarios. For the BraTS 2020 validation
dataset, the average value of the Dice measure is calculated to be 0.89+0.04 for the whole tumour, 0.8440.06 for the tumour
core, and 0.79+0.08 for the enhancing tumour. It performs better than the existing best results while functioning within the
constraints of the desktop application setting. Efficiency analysis for the image processing component reveals inference times
of 0.65 seconds per image in standard GPU environments (NVIDIA GTX 1660), which is sufficient for the user to interact with
the application. Memory consumption is also within acceptable limits of 2 GB in standard clinical operations, allowing for
concurrent processing with other medical applications. It performs well for all intensity levels, with the Dice measure above 0.80
for noise intensity up to 10% and contrast reduction of 40%.

4. Results and Discussions

The proposed model was assessed on the BraTS 2020 dataset, and further cross-dataset validation experiments of the
model were conducted to determine the generalisation. The data was separated into training (70), validation (15), and testing
(15) data. The independent test set was used to measure performance in terms of region-based, boundary-based, and clinical
relevance. Measures of evaluation were Dice coefficient, Intersection over Union (IoU), sensitivity, specificity, precision, F1-
score, Matthews Correlation Coefficient (MCC), Hausdorff Distance (HD), Average Surface Distance (ASD), volume similarity,
and AUC-ROC. Computational efficiency was also measured by recording the time of inference and the amount of memory used
by the GPU.

4.1 Analysis of Confusion Matrix Results

From the confusion matrix shown in Figure 4, it is possible to see a detailed classification performance of the proposed
segmentation model in segmenting the tumour (positive) and non-tumour (negative) parts of a given image. As shown, the
confusion matrix has a strong diagonal dominance, implying a high classification accuracy.
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Figure 4. Confusion Matrix Results

True Negative (TN) Analysis: With 210 correctly classified non-tumour pixels/regions, the system holds excellent

specificity in classifying healthy brain areas. The model’s ability to correctly classify 95.5% of actual negatives is of significant
importance in the healthcare industry, as any false alarm may cause unnecessary concern. The system’s true negative rate is
responsible for reducing radiologists’ workload because healthy areas are automatically removed.
True Positive (TP) Analysis: The 66 instances of tumour regions identified are the essence of the model’s capability — detection
of the pathological region. Though lower than the false negatives, these need to be construed in the perspective of the imbalances
that exist in medical imaging, where tumours are only a small part of the total image area. The 81.5% accuracy level for the
detection of tumours signifies high sensitivity.

FP Analysis: Even with only 9 false positives, the classification model has impressive accuracy at tumour identification.
These 9 examples make up less than 4% of the total number of non-cancer predictions, which means it keeps guard against the
possibility of over-segmentation. In medical applications, it is more acceptable to have false positives rather than false negatives
because the latter can be eliminated manually when viewed, while the former could lead to dire circumstances due to missed
diagnoses.

False Negatives (FN): The 15 false negatives are the most serious errors and show the areas of the tumour that are
missed. The 18.5% of actual tumour instances missed by the model can serve as indications of areas for improvement. A closer
look at these cases will often show discernible trends such as a tumour volume of less than 0.5¢cm3, low contrast boundaries, or
a tumour located next to complex anatomy.

These factors put the system in a comparative position in the context of medical image segmentation techniques,
specifically in terms of the balance between precision and recall, generally difficult in the context of tumour segmentation.

Table 3. Model Evaluation Metrics

Metric Name Value

Accuracy 92.00%

Balanced Accuracy 88.70%
Sensitivity (Recall) 81.50%
Specificity 95.90%

Precision 88.00%

F1-Score 84.60%

Dice Coefficient (F1 for segmentation) 84.60%
IoU (Jaccard Index) 73.10%

False Positive Rate 4.10%
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Metric Name Value
False Negative Rate 18.50%
False Discovery Rate 12.00%
Youden's J Index 0.774
Matthews Correlation Coefficient 0.803
AUC-ROC 0.94
Hausdorff Distance (mm) 42+2.1
Average Surface Distance (mm) 1.8+0.9
Volume Similarity 0.91 +£0.04
Positive Predictive Value 88.00%
Negative Predictive Value 93.30%
Likelihood Ratio Positive 19.88
Likelihood Ratio Negative 0.19
Inference Time (per image) 0.65+0.15s
Memory Usage (GPU) 1.8 GB
Model Parameters 25 million
Cross-dataset Generalization Dice: 0.85 + 0.07
Inter-observer Variability 0.82 +0.05

4.2 Analysis of ROC Curve Results

The Receiving Operating Characteristic or ROC curve, such as in Fig 5, provides extremely valuable information about
the discriminative capabilities of a given model of classification at various levels of the threshold. The ROC curve indicates the
balance that a specific classification system can give with regard to sensitivity and specificity over different levels.

m— ROC Curve
= = Random

True Positive Rate

0 0.5 1

False Positive Rate

Figure 4. ROC Analysis
ROC curve demonstrates that there is a strong positive trend in those early phases of which the true positive rate was

approximately 0.8 with the false positive rate being 0.1, which proves that the model has been capable of attaining a high
sensitivity rate with a false positive rate which was 0.1 in no way negative to the capability of the model to detect the presence
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of a potential pathology correctly. This most desirable top left corner is depicted by a smooth path in the ROC curve that indicates
a high estimated value of area under the ROC curve in the range of 0.90 (possibly very close to 0.95), clearly indicating that an
excellent result can be attributed to this model using the ROC curve classification criterion.

The fact that this ROC curve is very distant from the diagonal Random classifier line (AUC = 0.5) adds to the already
guaranteed meaningful discriminative ability in predictions, rather than just displaying random prediction capability. The fact
that this ROC curve is convex reflects multiple optimal operating points for this model based on a particular perspective in a
clinical context, such as a high sensitivity-operating point for a screening test where a false negative is unacceptable, a balanced-
operating point around a point known as "elbow" for a confirmatory test in a clinical diagnostic context that attempts to optimize
for both high sensitivity and specificity, and a high specificity-operating point for a test for planning purposes in a clinical context
where high specificity or precision is paramount, while also establishing that this model has excellent performance independently
of a particular operating point, rather than a performance that varies from excellent to poor based on a particular operating point
for a particular case or subset of cases in a clinical context, by showing a non-convex or jagged trajectory along this ROC space
that reflects poor performance at some or all possible operating thresholds in a clinical context, rather than excellent performance
in some or all cases based on a particular operating threshold in a clinical context.

5. Conclusions

This paper provides the implementation and testing of a desktop-based automated brain tumour segmentation model
with DeepLabV3 + with a ResNeXt50 backbone. The suggested framework demonstrates the competitive performance on the
BraTS 2020 dataset, that it has the Dice coefficient of 0.89 +0.04, a sensitivity of 81.5, a specificity 0f 95.9, and an AUC of 0.94.
The model takes 0.65 seconds per image and has moderate memory demands (1.8 GB), which indicates its practicality in
implementation in a typical clinical setting. The proposed model provides similar accuracy at lower computational complexity
than the ensemble architecture or transformer-based architecture when compared with conventional U-Net-based, which is
reported to have a range of Dice 0.84—0.90. It is strong in the way that it integrates multi-scale contextual learning, residual
feature extraction, and effective encoder-decoder localisation into a reproducible and deployable system. Nevertheless, the
technique is still restricted by its mostly 2D processing approach and lower sensitivity to small lesions or low-contrast lesions.
The validation was done primarily on benchmark data sets, and further clinical evaluations are required to ascertain
generalizability. The future directions in this area are 3D volumetric segmentation, detection of small lesions, the ability to adapt
the domain to multi-centre robustness, and to integrate with hospital information systems (PACS/RIS) to assist in real-world
clinical workflows.
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