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Abstract: Now adays,aneedofhavinganautomatedsystem for brain tumors analysis is growing for rapid examination of various
reports such as MRI and CT scans. In today age, considering the progress in field of Al and Machine Learning especially deep
learning, there is a hope for advancements of neurology and understanding of human brain. This technology allows us to
segment, classify and give data driven diagnostics decisions.Acarefullyanalyzethescansandmapthemaccording
tostatusofAl. Thenthekeypointsareanalyzedassegmentation against deep learning, classification of tumors against machine
learning and multi-modal fusion techniques by discussing methods adopted, result obtained, and limitations thereof. Integration
ofAl and ML in the field of medical imaging may lead to better accuracy in diagnostics and can help radiologists to be more
productive and provide better assistance in decision making. However challenges are there that we must address: data variety,
the need of supervised dataset and the underlying complexityofmeringdifferentdatasetstogettoconclusion.In this paper we have
summarized the current finding from the research, identified gaps in existing tech and proposed further research directions to
improve the integration ofAl and MLin brain tumor analysis.

I. INTRODUCTION

ThelatestadvancementsinArtificialIntelligence&Computer VisionhasmademanytasksintheMedicalSciencefieldsuch as identification
of rare conditions such as brain tumour a much more efficient and faster process that, often requiring
lessdirectinvolvementfrommedicalprofessionals.However this gradual integration of Al and machine learning, many
greatnewopportunitieshavebeenenlightenedfordeveloping intelligenceofthesesystemstheuseoftechniquesbasedon CNN, attention
mechanisms along with trained automated decision making, the Al enhanced systems can adopt to the heterogeneous nature of brain
tumors, can sort out the edge casesofsegmentations,andcanpresentvaluableobservations for the diagnosis. The expected final
outcome is to achieve accuracy where the brain tumor is detected correctly and a personalized treatment plans can be offered.
In this research, we wanted to see how Al and machine learning technologies are currently being used for analyzing brain tumors.
Our review has revised the past ten years of technology advancements and research and has extracted the approaches, results and
challenges. Al driven image pre-processing, deep learning based segmentation and classification, multi modal fusion techniques and
automation  ofradiologytasksalltheconceptsusedinthistechnologyhas  beenreviewed.Thisresearchpaperhasbeenbrokendowninto
multiple sections discussing how medical image analysis has evolved,improvementsondeeplearningandchallengesfaced
inthisarea. Wewillfinishwithsomeimportanttakeawaysand possible future scope.

Il. OPERATIONAL METHODOLOGY
This system follows the approach of a multi-modal, reproducible, clinically-focused framework as its operational
methodology.Itismuchmoreadvancedthanasingle-modality analysisbybuildinganend-to-endpipelinethatdoesintelligent
fusionofdatafromdifferentsourcestocreateacomprehensive diagnostic tool. Hence this research is based on multi-modal analysis
giving benefit of considering multiple objects at a given time.

A. Multi-ModalandReproducibleFramework

Our idea behind the system is simple, that iso to fix the problems prevailing in the older versions, like using only one type of data
and not being able to get same results again. It utilizes a multi-modal fusion, which splits the problem down into distinct, tractable
components.There are separate, special encoders for each imaging modality, enabling the capture of
complementaryclinicalinformationlikesoft-tissuedetailfrom MRIandhadcalciumspotsfromCT.Thismethodworksbetter for medical
diagnosis than systems following single modality. Thecompleteprocessisputinawaysuchthatitcanbeusedas
anentity,makingtheresultsreliableand transparenteverytime. Thissetupensuresthatthestepsforpreparingdata,trainingthe model, and
making predictions, are reliable and easy to trace and trustworthy.
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B. AlArchitecture

The foundation of our system is strong and reliable. For MRI segmentation,we’lluse nnU-Net,notbecauseit’spopularbut for it’s
independency, it configures itself automatically. Ratherthanspendingtimeonconfiguringpatchsizes,network depth, or preprocessing
steps, nnU-Net figures out the best settingsbasedonthedatawefeedit.ltremovesthetrialmethod andprovidesuswithahigh-
performanceenginefromthe start itself. In the future, we plan to enhance this platform by allowing features such as combining
multiple imaging formats, making it more reliable.

C. TheMultiple-EncoderFusionMechanism

Themainideaistobuildadesignthatprocesseseachmodality separately, this ensures that the modality-specific features are preserved so

that it can later be combined in a structured manner. Here’s how it works:

1) IndividualEncodersforEachModality One encoder is dedicated to MRI (powered by nnU-
Net),whilethesecondisdesignedforCTscansusing a CNN. Each encoder will act independently at first, similar to a couple of
experts who are assessing medicalimagesindependentlybeforecomingtogether to discuss their thoughts.

2) Cross-Attention Fusion Module Rather than simply adding both sets of features into one space, we
incorporate a cross-attention method which can be likened to a highly intelligent decision-maker.Itidentifiest
hemostimportantportionsofthe CT and MRI information to focus on. Instead of

simplyplacingattentionequallyacrossbothscans,the method behaves similarly to how a doctor would compare a pair of scans: all
parts of the scans are not equallyimportantsoattentionisplacedselectivelyon the parts of the scans that matter.

3) Final Prediction Layer Once the most informative segments of both scans haveundergonecross-
attention,theoutputisdelivered toapredictionhead,whichwilloutputafinal segmentation map or classification label.

This strategy retains the complete 3D spatial knowledge, which is absent from traditional systems, based on processing 2D or select

slices of the 3D volume.

D. Real-TimelnferenceforClinicalDecisionSupport

The last point is where everything is made real. Our trained model, however, is not just for offline experiments — it's designed to
work live, directly into the clinical pipeline. The moment a new scan comes in, it can analyze the images immediately and offer
meaningful insights.

1. MODEL AND EXPERIMENTAL ARCHITECTURE

In this section we outline the complete architectural design of ourmultimodalfusionmodelalongwiththeworkflowthatwas used to

train, validate, and perform inference using themodel, our focus was on ensuring the process to be scalable, reproducible, and

efficient across stages of developmental.

A. MainModelArchitecture

The architecture proposed is multi-encoder single-decoder intended for 3D volumetric image segmentation tasks. It presents MRI

and CT information to blend via a cross-attentionarchitecture,whichenablesahomogeneous,high-quality segmentation map to be

produced.

B. MRIENncoder

TheMRIencoderutilizesannUNetas abasearchitecturethat ispre-configured.nnU-Netwaschosen specifically becauseit iscapableofself-

configuration,automaticallydeterminingthe appropriate preprocessing and network architecture to use based on the dataset.

Effectively, we can be assured that our MRI volumetric feature extraction will be both valid andstate-of-theart.

e CT Encoder: The parallel pathway that deals with theCTdataarchitectureutilizesastandard3Ddeep Convolutional Neural
Networks (CNN), such as a ResNet, to capture hierarchical features that are specific to the modality of CT.

e Fusion Module: The cross-attention fusion moduleis the most important novel component of this architecture. The cross-
attention module accepts two feature maps (one from the CT encoder and another from the MRI encoder) and learns to apply
different  weightstotheinformationextractedfromeachofthe  modalities  allowing for  complementary  information
(eg.softtissuesfromtheMRIandcalcificationsfrom the CT) to be combined.

e Decoder and Prediction Head: The fused and context-richfeaturerepresentationisthenupsampled and processed through a
decoder pathway (mimicking the encoder) utilizing transposed convolutions. This ultimately leads to a full resolution
segmentation mask..
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C. DataProcessingandExperimentalPipeline

This model adheres to a mere path-based experimental procedure that can be reproduced, and is reliable.

o Data Preprocessing: The model requires reformatting of all data. Matches of images are
subjectedtoanautomated.Pipelineforpreprocessing, which contains:

» Co-registration: Co-registration is regarding. Matching of the CT scan to the right MRI scan, that they give the same names to
the places Accurately.

» Normalizationofintensity: Theimagesare normalized. Made the same brightness and contrast, through changing the intensity of
theimages.Valuesarerequiredtobeofmean 0 and standard 1.

» Resampling: To maintain the images at the all in the correct spatial resolution. To have the same, volumes are resampled,
Isotropic voxel spacing.

o WorkflowforValidationandTraining: Thisdatais. Divided into three subsets; training, validation, and testing.The end-to-end
training of the model is done. The adam optimizer and dice loss. Optimal hyper-
parameterswhichincludelearningrateandbatch.Size havebeenchosenwithreferencetomodel.Validation data performance.

e Inference Pipeline: When a new patient comes, we equip the MRI and CT like ordinary, and then the
model.Invokestheinferenceontheprocesseddatato provide a single end tumor segmentation.

D. LIBRARIES

FrameworksandLibraries: Thesoftwaremodelas well as the experimental setup are created wusing the Python
programminglanguageandthePyTorchpackage.Someofthe essential libraries used are nnU-Net for encoding the MRI, MONAI to
read and transform medical imaging data, Simplel TK to pre-process thedata, and NumPy for numerical software support.

Hardware: All models were executed on a server consistingoffourNVIDIAA100GPUs,eachwith40GBof
memory,whichwascrucialtomanagethememorydemandof the 3D volumetric data.

V. IMPLEMENTATION
In this section, we will thoroughly outline the process of building the multi-modal brain tumor segmentation system, which will
cover the establishment of a development environment, managing data, model building and finally, training and evaluating these
models.

A. ENVIRONMENT AND TOOLING

ThisentireprojectwaswrittenusingPythonversion3.8. The deep learning model and experimental pipelines

wereconstructedusingthePyTorchframework,version 1.12, because of its ease of use and flexible dynamic computational graph. Key

packages were:

e nnU-Net: As the basis for the MRI segmentation pathway, nnU-Net establishes a robust self-configuring baseline.

e MONAI: We used MONAI to run tasks related to medical image analysis, such as loading data and performing useful
transformations as well as evaluating our loss functions and metric evaluations.

o SimplelTKandNibabel:PRTKusesthesepackages for efficient 1/O operations and core preprocessing tasks, such as image
registration.

e NumPy:We used NumPy to perform numerical operations on the image data.All model training and testingoccurred on a server
with four NVIDIAA100 GPUs.We used Distributed Data Parallel in PyTorch to manage multi-GPU training.

B. DATA PREPROCESSING PIPELINE

Anautomatedpreprocessingpipelineisdevelopedtoprocess the raw MRI and CT volumes.

o Co-registration: Weregistered each patient'sCTscan to its MRI using the registration tools available in Simplel TK. We chose an
affine transform using a mutual information similarity metric to accurately align the images

o Normalization: Wenormalized theVoxel intensities bycuttingofftheextremeendsatthe0.5andthe99.5 percentiles to eliminate
outlying values; and then conducted Z-score normalization to achieve zero mean and unit variance

e Data Loading: We structured the preprocessed volumes and loaded them into the model using MONAI'sDatasetandData-
Loaderclasses,whichare veryefficientforworkingwiththeselarge3Dmedical images.
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C. MODELIMPLEMENTATIONINPYTORCH

Themultimodalarchitecturewasimplementedasasingle end-to-end Pytorch.nnU.Module.

e MRI Encoder: To extract features from the MRI images,wemadeuseofthepre-configured3DU-Net architecture of nnU-Net. The
encoder of the learned nnU-Netmodelwasleveragedtoprovidefeaturemaps at various scales.

e CT Encoder: in the CT pathway, we used a 3D ResNet-34 as a feature extractor matching the MRI encoder in terms of size of
spatial dimensions at likeness levels.

e Cross-Attention Module: The attention mechanism was developed as a custom PyTorch module. In each feature level, the query
was the feature map of the MRI encoder while key and value were the feature mapoftheCTencoder. Thisway,themodelcanfocus
on the features in CT which were most important for interpretingtheMRIscanandgiveacombinedfeature map.

e Decoder Assembly: On the decoder path, we assembled the structure to match a U-Net. In sequence, the combined feature map
was passed into several stages of up-sampling using transposed convolutionsateachstage.Skipconnectionsfromthe
MRIencoderwerethenconcatenatedtoobtaintheup-sampled features to preserve those high-resolution
details. Thisisacommonstrategy,andpreviouswork with U-Nets has shown that it performs well for this purpose.

D. TRAININGANDEVALUATIONROUTINE

e Loss Function: The model was trained with a combination ofDicelossandCross-Entropyloss. Thistypeofcombined loss function
is beneficial for addressing class imbalance, a typical problem when working in medical segmentation tasks..

e  Optimizer:TheAdamoptimizerwithaweightdecayofle-

o 4 was used. A decaying learning rate was part of the optimization process to help avoid over-fitting and was set up to reduce the
learning rate if no changes were observed in the validation loss after a defined number of epochs.

o Evaluation:ThemodelwasassessedusingtheDSCmetric for every epoch monitored on the validation set. The final
performanceisreportedonanew,unseentestset,onwhich theDSCwasestablishedforthewholetumorregionaswell as the sub-region.

V. SYSTEM OVERVIEW
ThissectiondescribeshowthetrainedSegmentationModeland the Classification model process the data.
1) TUMOURCLASSIFICATIONMODEL

MRI IMAGE [ CNN and ResNet50 ] Tumor Type (4 classes)

2) TUMOURSEGMENTATIONMODEL

[ U-Net ]

k4

Tumor Region (mask)

VI. DATASET DESCRIPTION
A. CLASSIFICATION DATASET
The dataset has been sourced from Kaggle, MRI scans of each of the patients belongs to one of the following four categories:
Glioma, Meningioma, Pituitary, No Tumour.
Samplelmages:
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B. SEGMENTATIONDATASET

The dataset has been sourced from Kaggle, this dataset is similartotheclassificationdatasetin termsofthecategoriesof tumours, each
one of these images fall into one of the four categories:Glioma,Meningioma,Pituitary,noTumour andwith each Image we are also
provided with a mask image. This will allowustotrainamodelthatcantrulyoutlinethetumourregion with just scans provided.
Samplelmage:

BRAIN IMAGE MASK

VII. DATA PREPROCESSING
A. CLASSIFICATIONPREPROCESSING
Our primary task in classification is to classify the images into oneofthe fourcategorieswhich abraintumorcanbe.The first step
handled before model training is to ensure that the images are processed through several steps to ensure consistency and improve
model performance.
All images are resized to a fixed resolution of 224 x 224 pixels to match the input requirements of the convolutional
neuralnetworksandmaintainconsistency. Thepixelvaluesare then converted into tensors using PyTorch, which helps speed up the
training by leveraging GPU support in Google Colaboratory.
Weincludedafewextrapreprocessingstepsforthetransfer learning model (ResNet50). The images are normalized using the standard
ImageNet’s mean and standard deviation to better match the data the model was trained on, this leads to faster convergence and
improved performance.
Data augmentation has also been applied by randomly flipping the images horizontally, which helps increase dataset diversity and
reduces overfitting by exposing the model to different orientations of the same image so it doesn’t get confused on directions.

B. SEGMENTATIONPREPROCESSING

Data augmentation is also applied in the form of random horizontal flipping, which helps increase dataset diversity and reduces
overfitting by exposing the model to different orientations of the same image.

The segmentation dataset consists of paired MRI images and corresponding tumor masks. Each MRI image has a matching mask
image, where tumor regions are highlighted.

The corresponding masks are also resized and processed. Since the masks may contain varying intensity values, theyare converted
into binary format using thresholding:

- mask=(mask>0)

ThisensuresthatPixelvalueOrepresentsbackground(no tumour).

VIll.  MODEL ARCHITECTURE

A. CLASSIFICATIONMODELS

1) CustomConvolutionalNeuralNetwork(CNN) Model:

First a custom Convolutional Neural Network (CNN) modelwasimplementedfortumourclassification. The architecture combines
multiple convolutional and pooling layers along with fully connected layers.

To extract the spatial features from the input MRI images, we start The model with three convolutional blocks. Each block consists
of convolutional layer followed by a ReLLU activation function and a max-pooling layer.
Thismodelservedasthebaselineforclassificationand provides a good comparison for the more advanced models and architectures.
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2) ResNet50 (Transfer Learning Model): To improve the performance of the classifier, a transfer learning approach is adopted
using the ResNet50 architecture. ResNet50 is a pretrained deep CNN Model trained on
thelmageNetdatasetwhichhasagoodcapabilitywith identifying spatial features.

WereplacethefinalfullyconnectedlayerofResNet50 with a new layer that predicts among four classes. Since the model starts with

pretrained weights, it can use previously learned features, which helps it train faster and perform better.

The use of transfer learning significantly enhances performance compared to training a model from

scratch,especiallywhenworkingwithlimitedmedical imaging data.

B. SEGMENTATIONMODEL

U-Net: For tumour localization, a U-Net architecture is implemented. U-Net is specifically designed for
biomedicalimagesegmentationandishighlyeffective in pixel-level prediction tasks.

Thearchitectureconsistsoftwomainparts:

Encoder(Contractingpath): Extractsfeaturesusing convolutional and pooling layers.

Decoder (Expanding path): Reconstructs spatial information using upsampling and convolution.

The final output layer produces a single predicted tumour mask image.

IX. TRAINING DETAILS
A. TRAININGCONFIGURATIONS
weimplementedthemodelusingPyTorchwhichisadeep learning framework and train it with GPU support.
Classificationmodel:
e  Optimizer:Adam
e LearningRate:0.001(CNNModel),0.0001(ResNet50 Model)
e LossFunction:CrossEntropylLoss
e Batchsize: 32
e Epochs:5

Segmentationmodel:

e  Optimizer:Adam

e LearningRate:0.0001

e Loss Function: Combination of Binary Cross Entropy and Dice Loss
e Batchsize:8

e Epochs: 10

B. LOSSFUNCTION

ForClassification,theCrossEntropyL ossfunctionisused, which is suitable for multi-class classification problems.
ForSegmentation,acombinationofBinaryCrossEntropy (BCE) loss and Dice loss is used. BCE focuses on pixel-wise classification,
while Dice loss improves overlap between predicted and ground truth masks, especially for small tumour regions.

X. RESULTS

A. CLASSIFICATIONRESULTS

Themodelsareevaluatedbycomparingtheaccuracyonthe test set.

ThecustomCNN gavedecentresultsandwasonlyableto learnbasicfeaturesfromtheMRIScanimages.Incontrast,the ResNet50 model
achieved higher accuracy mainly due to its deeper structure and pretrained weights, which allow it to extract better features.
CustomCNNAccuracy:86.31% ResNet50 Accuracy: 94.25%
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Pred: notumor Pred: glioma Pred: notumor Pred: meningioma

True: notumor True: notumor

True: glioma True: glioma

Pred: glioma Pred: notumor Pred: glioma
True: notumor

Pred: pituitary
True: pituitary

True: glioma True: glioma

B. SEGMENTATIONRESULTS

We evaluated the segmentation model using visual inspection. TheU-Netmodelwasabletoidentifytumorregions in MRI images quite
well.

The model produces binary masks indicating the presence and location of tumors. The predicted masks were compared with ground

truth masks to assess performance.

Input Ground Truth Prediction
[

[

50 100
Prediction

0 50 100

Prediction

C. RESULTOBSERVATIONS

The results indicate that the model does a good job of identifying tumour regions. In most of the cases the predicted
maskalignspreetywellwiththegroundtruthintermsofshape and position.

It is also able to clearly separate tumour and non-tumour regions.ForScanswithouttumoursthemodelusuallyproduces little to no false
positives, though a small amount of noise can appear in some early predictions.

0
20
40
60
80

100

120

50 100
Ground Truth

Ground Truth

XI. CHALLENGES AND SOLUTIONS
In this development process of the multi-modal segmentation framework,thereareseveralkeyarchitecturalanddata-related
challengesthatwereencountered. Thissectiondescribesthese issues and their implemented solutions.
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A. IntegratingHeterogeneousandMulti-ModalData

1) Challenge: Medical Imaging Datasets can be very confusing, as the scans are all from different types of
machinesthatusecompletelydifferentprotocols. The largerissueismergingtwoprimarytypesofimaging: MRI and CT, both of
which show distinct characteristics of the body. If we did not include any structures, there would be a good chance to conflate
these modalities during an analysis, leading to somewhat integrating important signals that could negatively impact the
results..

2)  Solution: Atwo-partsolutionwasinstituted.

e Standardized Preprocessing Pipeline: A robust automated pipeline was developed to integrate all of the incoming data. Each CT
scanwasmatchedtothecorrespondingMRI spatial coordinates, and all images were normalizedinZscorestandardization.Thus,
every aspect of the inputs was integrated spatially and in value before entering the model.

o IntelligentFusionArchitecture: Insteadof merely stacking the features, we added a cross-attention mechanism to indicate how
the model can learn complicated, nonlinear relationships between these two types of data-for example, different CT features
based on the MRI, and vice versa.

B. BalancingBetweenVolumetricContextandHigh Computational Cost

1)  Challenge:ltisaclinicallypertinentideatoconsider. Processingthescansclinically as3Dvolumes.Worthy analysis, which may
afford you the entire spatial. Pictureofthetumor.Theyarecomputationallycostly, 3Ddeeplearningmodelsareverycostly.
Bandwidth-consuming and very time-consuming to train.

2)  Solution: Asaresult,wedesigned thearchitectureto be a full 3D system to keep it clinically relevant. In order to manage the high
computational costs we developed an intelligent way of training based on multiGPUparallelization.WithPyTorch’sDistributed
Data Parallel, we were able to speed up our training processes across four NVIDIA A100 GPUs to complete the training of our
large 3D models effectively.

C. ACHIEVINGState-of-the-ArtPERFORMANCE WITHOUT MANUAL TUNING

1)  Challenge Constructing a high-quality 3D segmentation model from the ground up requires significant resources and a bit of
trial-and-error with various factors including network depth, patch size, learningrates,etc. Thisprocessofbackandforthadds time
to the research and development timeline.

2)  Solution:WedevelopedourMRIpathwaybasedupon the nnU-Net framework . Unlike other segmentation frameworks, nnU-Net
is self configuring: it will automatically adapt its architecture and training parameters according the characteristics of the input
data.Byutilizingareliableandprovenframeworkwe could concentrate on the novel aspect of this project which was the fusion,
rather than building a segmentation engine from scratch.

XII. FUTURE DEVELOPMENTS

We believe that the current framework offers a powerful solution for multi-modal segmentation but there are a few interesting ways

to expand the framework's capabilities and clinical utility in future work.

1) Integration of Additional Modalities and Data: While this bi-modality architecture can be expanded to include additional data
types in the future. For instance,PETscanscanbeincorporatedforfunctional metabolic information, or even use non-imaging data
suchasgenomicsandclinicalhistory. Thisletsusbuilt amodelthatisabletogenerateamorecomprehensive
reports,gettingusclosertobeingcompletelymodular.

2) PredictiveAnalytics for Prognosis and Treatment Response:TheThesecondstepinthisistochangethe focus from simple
segmentation-essentially the determination of the “where’-to prediction, which implies the determination of the 'what.' We are
still free to make use of these enriched functions to accomplish tasks such as forecasting the degree of
tumor,survivalofapatientorthelikenessofapatient to react to treatment such as radiation or chemotherapy. This difference in
focus nearly would havebeenagame-changertothesystemtoprovideas a solid part of personalized medicine.

3) Improved Model Interpretability and Explainability:Notonlydowewangoimprovehow understandable the model decisions are in
the future tobuildtrustforpotentialadoptiontoclinicaluse,but we also want to create visual tools that indicate what areas-
andaspects-fromeachtypeofdatathecross-attention mechanism is emphasizing. In this way, we
plantoinitiateapreliminarymethodofexplainability, by showing cliniciansareasoffocus, thusfacilitating their understanding and
validation of the model output,andprovidinganallytotheirdecision-making process so they can trust the results.
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XIV. CONCLUSION

The current study shows an evident brain work plan.Analysis of tumor multimodal imaging and is not constrained by the
restrictionsofsingle-modalityanalysis. Ournewfusionmodel is a combination of MRI and CT scans, which is a big step in making a
development on the creation of a better comprehensive and helpful diagnosis instrument.The key part of our tasks will consist of
designing a multi-encoder framework that makes use of a cross attention process and its integration of the different images that does
not merely concatenate as the features do. Our model is able to learn complexrelationshiphencereturnsbettersegmentationswhich are
more reliable. In addition, from the robust self-optimizing framework of nnU-Net, this work proposes a high-quality
pipelinethatreducestheneedformanualtuningandmaximizes speed and efficiency in moving the research forward. The successful
deployment of such a system implies the capacity for deep learning architectures, when designed ingeniously, to change the
landscape of medical imaging. Moreover, with single view assessment evolving to a more comprehensive
multimodalassessmentlaysthegroundworkformoreaccurate diagnoses, better patient outcomes, and the advent of next-generation
intelligent clinical decision support systems in neuro-oncology.
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