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Abstract—The diagnosis of brain tumors is required fortreatment decisions, therapy planning and survivalprognosis of patients and it relies heavily on magneticresonance imaging. Manual identification, segmentation andclassification of tumors is difficult, time-consuming, andoften not consistent among clinicians. The proposedNeuroScan AI system leverages patient information andmulti-modal MRI scans for automatically segmentation andclassification of tumors, calculation of tumor volume andsurvival prediction. A 3D UNet CNN is used forsegmentation of the tumors while classification betweenHGG and LGG is performed using a Random Forestclassifier. The segmentation network is provided with anumber of multi-modal MRI scans (FLAIR, T1CE, T2),after they have been pre-processed (e.g. 3D cropping andnormalization). Different tumor regions like tumor core,edema and enhancing tumor are quantified in cubiccentimeters (using voxel spacing). Based on tumor featuresand age, the prediction of survival is calculated. Thedeveloped system is coded in Python with TensorFlow,Keras and scikit-learn and it has a Node.js+Express back-end and React interface, allowing real time interactions frompatients and doctors.
Index Terms— Brain Tumor Segmentation, 3D U-Net, MRI,Glioma Classification, Random Forest, Tumor VolumeEstimation, Survival Prediction, Deep Learning.

I.INTRODUCTIONne of the most critical neurological disorders is braintumor and an early diagnosis is required for an efficientand effective treatment planning and survival prediction.Since MRI provides a superior soft-tissue contrast and is able toscan the human body non-invasively, it becomes a very popularimaging technique in the detection of brain tumors. The manualsegmentation of the brain tumor in the MR images takes a lot oftime and causes inconsistency due to observer dependency whichmakes the computer- aided diagnosis system an essential need.[1] Initial brain tumor diagnosis strategies made use oftraditional image processing techniques like thresholding,clustering, region growing and feature extraction usinghandcrafted features [2]. Later with the development of machinelearning, classification approaches like Support VectorMachines, k Nearest Neighbors, and Random Forest weredeveloped to provide different levels of tumor grading [3].Though these approaches offered higher classification rates, theirperformance was greatly dependent on human extracted featuresand were not generalizable across different MR datasets [4].

O

With the recent advent of deep learning in the medicalimaging analysis, it has become an outstanding method to learnfeatures automatically directly from imaging data. ConvolutionalNeural Networks have shown impressive performance in the taskof medical image classification and segmentation [5] and theFully Convolutional Networks are the ones that allow end-to-end pixel-level predictions for the biomedical segmentation task[6]. A new structure named U- Net [7] was developed which usesan encoder-decoder network architecture that retains spatialinformation using skip connection.The development of volumetrically focused deep learningintroduced 3D CNN which is an approach to learn contextualspatial features across different MR slices [8]. 3D U-Net showedsignificant and efficient performance in segmentation of differenttumor subregions (tumor core, edema, enhancing tumor regions)[9]. Various well-known MR images segmentation datasets wereintroduced like Multimodal Brain Tumor Image SegmentationBenchmark (BRATS) for evaluating the segmentation methodsin glioma [10].Many works are now focused on integrating the segmentedoutput of tumor with tumor grading and survival predictionsystems. Volumetric features are successfully extracted fromsegmented regions and then classified into High-Grade Glioma(HGG) and Low-Grade Glioma (LGG) using ensembleclassifiers like Random Forest [11]. Some works showedpromising results in survival prediction models where tumormorphology and clinical information were used [12].The limitations of previous studies have been addressed byresearch work, but most of the work done till now focused onlyon one specific task either segmentation or classification aloneand no comprehensive pipeline exists which can take MRI scansas input and provide a tumor classification, volume and survivalprediction as output which can be used directly in the clinic.Moreover, many of the work proposed are only research based[13]. Many of the current systems for the analysis of brain tumordata utilize a 3D encoder-decoder architecture as they employ thedeep learning technique which can achieve higher accuracy inthe system [14].
II. METHODOLOGYThe proposed NeuroScan AI framework performsautomated brain tumor analysis through an end-to-endpipeline that processes multi-modal MRI scans and generatesclinically meaningful outputs. The methodology consists offive major stages: data acquisition, preprocessing andnormalization, deep learning–based segmentation, tumorfeature extraction and classification and deployment pipeline.

The overall architecture of NeuroScan AI. The system is builtto perform a series of operations on multimodal MRI scans
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with a focus to diagnose tumors, calculate the volume, gradeit as High-Grade or Low-Grade Glioma and predict thesurvival estimate. It comprises of four broad steps which aredescribed in detail below; image acquisition, preprocessing,tumor segmentation and analysis, and result delivery.

Fig.1. Architecture Diagram
A. Image AcquisitionMultimodal brain MRI volumes in NIfTI format areprovided as input to the NeuroScan AI system. The model iscapable of handling FLAIR, T1-weighted contrast enhanced(T1CE) and T2-weighted modalities that provide acomplementary image to properly detect and segment tumors inthe MRI scan. The system loads the volumes from the data andpreprocesses them into volumetric format that can be fed to theneural network to perform segmented the tumor regions, threemodalities are converted to multi-channel 3D tensor suitable forthe CNN segmentation framework.
B. Preprocessing and NormalizationPreprocessing of MRI volumes is essential to maintain modelstability of analysis in varied cases of data from differentsources. The MRI images are cropped from all sides to includeonly the brain region and remove the redundant parts and thenMinMax normalization is performed in the intensity range [0,1]for each of the modalities so as to ensure model learns fromspatial information instead of being biased by image intensityvalues. After preprocessing, all the three modalities are fed tothe 3D CNN for segmentation of the tumor region.
C. Tumor Segmentation and Analysis

The processed 3D MRI volume from preprocessing stage isfed to a 3D U-Net neural network which performs multi-classsegmentation. U-Net contains the encoder and the decoder partwhich learns hierarchical features at various layers of neuralnetwork while encoding and then upsamples the acquiredinformation with the use of skip connections to produceaccurate segmentation masks.The segmentation process predicts three distinct classes oftumors, background, tumor core, and enhancing and edemaregions of the tumors. The predicted mask from the U-Netnetwork is then used to calculate the total volume of tumor, andsubregion volumes along with the volume calculations in cm³

using NIfTI header's voxel spacing values to enable clinicallymeaningful analysis of tumor volume.

Fig.2. 3D U-Net Architecture
Random Forest classifier is then used to predict High-GradeGlioma (HGG) or Low-Grade Glioma (LGG) using theextracted features of tumor and predict the survival estimatebased on tumor volume and patient's age.

D. Result DeliveryThe final outputs of the pipeline consisting ofsegmented tumor masks, segmented tumor images, tumor gradeand volume estimates and survival prediction are delivered via abackend server. The NeuroScan AI system is hosted withNode.js and Express framework on the backend to cater to theclient's requests while the AI tasks are performed on thePython-based pipeline, which can be viewed through a Reactbased frontend with an login for users to upload MRI scan andvisualize the real time segmentation of tumor as overlays.Users can observe segmentation overlays, tumor grade,tumor volume measurements and predicted survival category ofthe brain tumor and can take better diagnostic decisions andtreatment plan accordingly.
III. PROPOSED WORK

A. Dataset
The dataset utilized in the NeuroScan AI frameworkcomprises multi-modal brain Magnetic Resonance Imaging(MRI) volumes saved in the Neuroimaging InformaticsTechnology Initiative (NIfTI) format. Each patient scanincludes three distinct yet important modalities: FLAIR, T1-weighted contrast-enhanced (T1CE), and T2-weighted images.The combined set of modalities provide overlapping andcomplementary information required for the detection andcharacterization of brain tumors.The 3D volume MRIs are used in native 3D form so that therelationship of slices in 3D space is not lost. Cropping to thebrain region and using Min-Max intensity normalization isdone as a preprocessing step.Final features from the segmented volumetric MRI scans—including total tumor volume, core tumor volume, edemavolume, and enhancing tumor volume—are calculated usingthe voxel spacing from the NIfTI header and fed to thesubsequent classifier.

B. Scope of WorkThe NeuroScan AI system is broken down into a series ofstructured steps:
Requirement Analysis:

We identified a set of problems related to automated braintumor analysis such as the challenge of finding tumorsaccurately, segmenting them into different sub-regions,
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classification of tumor type (HGG/LGG), calculation of volume,and prediction of survival rates. We then identified a deeplearning architecture that is capable of processing andsegmenting the volumetric MR images.
Data Preparation and Preprocessing:

The multi-modal MR images are loaded in NIfTI format,then the brain portion of MR images is extracted by cropping thevolumes, and finally, the MR images are normalized using Min-Max intensity normalization technique. All the three modal MRimages were stacked as channel wise to form the input tensor.The 3D convolutional neural networks were then utilized.
Model Development and Optimization:

We have designed a 3D U-Net segmentation model fortumor segmentation, and implemented a Random Forestclassifier which uses the volume of tumors as features to classifybetween the two different types of tumors namely HGG/LGG.We have computed tumor volumes from the segmentation resultand then we determined the survival estimate using a rule-basedsystem.
Deployment and Integration:

Integration of both classification and segmentation models inthe Node.js and Express backend. Furthermore, the React-basedfront end for the end-users to upload the MRI scans and receivethe results within real-time have been implemented.
Evaluation and Validation:

Validation of the segmentation models has been done usingvolume measurements and comparing with the manualannotation, the classification performance is also evaluated onthe set of features calculated from segmented tumor regions.
C. System ArchitectureThe NeuroScan AI is composed of a series of structured,multi- modal deep learning steps that convert raw MRI volumesinto actionable insights in real-time. There are a total of six maincomponents in the NeuroScan AI architecture. Here are thosestages listed as input layer MRI, preprocessing module, deeplearning segmentation model, feature extraction module,backend server, and output module User interface.
MRI Input Layer:

The system starts by receiving multi-modal brain MRIs in theNIfTI format. The three modalities (FLAIR, T1CE and T2) arefirst acquired and then aligned together to formulate astructured, multi-channel input tensor which will serve as theinput to the upcoming stages of the pipeline.
Preprocessing Module:

Before feeding the volumetric MR images to the 3Dsegmentation model, irrelevant regions surrounding the brain areeliminated via cropping the MRI volumes. Following this, anintensity normalization technique (Min-Max) is used tonormalize the voxel intensities into a common range (0-1). The3D convolutional neural networks is then employed to segmentdifferent tumor regions.

Deep Learning Segmentation Model:We have used a 3D U-Net architecture as a segmentationmodel in our framework. The encoder part consists of 3Dconvolution blocks that are designed to extract hierarchicalfeatures from the input. All these convolution layers arecombined with pooling layers in order to decrease thedimensions of input along the length, width, and height.The decoder part, on the other hand, mirrors the structure ofthe encoder and increases the dimension of input via up-sampling layers in order to construct the segmentation masksfrom the extracted features.Both encoder and decoder are linked by skip connections inorder to pass the low-level features of input to the decoder andthis method allows in the segmentation of precise anatomicalstructure with appropriate gradient flow across all the layers andthe encoder outputs the mask of different tumor regions (tumorcore, edema, enhancing tumor, background).
Feature Extraction Module:

After segmentation the features of the tumor are extractedusing the generated tumor mask. We computed the volume ofeach region using the amount of pixels along the length, widthand height and then calculated total tumor volume, enhancingtumor volume, core tumor volume and edema tumor volume incubic centimeters(cm³) using voxel spacing in the NIfTI header.These volume measurements were used in subsequent parts ofthe model to classify the tumor type (LGG or HGG) and predictthe survival rate.
Backend Processing Server:

A server using Node.js and Express frameworks handlesuser requests, as well as the communication between the userand the Python-based inference engine. The file upload requests,model prediction results and analysis are all managed and storedusing the Mongo DB.
User Interface Output Module:While operating the NeuroScan AI system, a user will beable to upload MRI images and view the predictedsegmentation, tumor class, tumor volume, and predicted survivalrange on real time after all the processing is done. The resultsfrom segmentation and classification are transferred back to theserver through API calls and then presented on the websiteinterface.The data is fed through the trained segmentation model andas the outcome a predicted segmented mask of tumors presentwithin the brain volume are computed. These segmentationmasks were then used for volume calculations of tumors, as wellas they are passed to the classification model along with theother extracted tumor features to classify tumors. Patientsurvival is also predicted using the same features and patient'sage to enhance our analysis, results are send to the backendserver and to display on the interface.The web-interface based on React allows authenticated usersto submit their MR volumes along with their medical historyand receive the analysis report in a real-time manner, whichconsists of:

· Tumor segmentation masks visualized on MRI scans,
· Tumor grade: (LGG or HGG),
· Tumor volume statistics (total, enhancing tumor,edema, core) and
· Survival prediction: a number representing thepredicted survival rate of the patient.
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D. Deep Learning ModelNeuroScan AI uses a 3D U-Net architecture to segmenttumor volumes from MRI scans of tumor MRI datasets. Theencoder part of the U-Net comprises a series of 3Dconvolutional blocks that learn feature from spatial relationshipin the multi-modal MRI dataset. The resolution decreases andfeatures grow deep in the encoder. Similar 3D convolutionallayers as used in the encoder are implemented in the decoder torecover segmentation masks through upsampling, but thedetailed information is preserved from each correspondingencoding layer through skip connections.For tumor grading, a Random Forest classifier is utilized topredict the grade of the tumor, based on input volumetricfeatures (such as total tumor volume, core to total tumor ratio,enhancing tumor proportion, etc.). This classifier predictstumor type as either High Grade Glioma (HGG) or Low GradeGlioma (LGG).Survival prediction, which provides insight intopatient prognosis, is estimated from the features of the tumorand patient age.
E. Training and Optimization

We train the segmentation model using labeled MRIvolumes via supervised learning. To enhance accuracy forprediction on segmentation masks, we minimize a multi-classsegmentation loss. We use model checkpointing forstabilization and convergence. We then train the RandomForest classifier on extracted volumetric tumor features usinglabeled tumor grade information. We optimize the parametersfor maximum classification performance. After training, wesave the optimal validation model weights to be used at run-time.
F. Inference Workflow

When a user uploads data, it is first preprocessed and thensent to the trained 3D U-Net. The output segmentation mask isproduced and tumor volumes calculated. These volumes andother features are input into the classifier to determine tumorgrade and then survival prediction based on tumor and patientage is performed. All of this data is then sent to the backendserver to be displayed to the user on the web interface.
IV. IMPLEMENTATION

NeuroScan AI is a web-based brain tumor analysis toolwhich is powered by a deep learning inference backend. Thesystem consists of an interaction of frontend for managingusers and backend for segmentation, classification and servingthe output.
A. User Interface

The user interface is developed using React and its relatedHTML and CSS components. It allows users to uploadmultimodal MRI scans (FLAIR, T1CE and T2). The systemwill render a tumor segmentation mask and overlap image onMRI scans as well as tumor grade (HGG/LGG), tumor volumeand prediction of survival time.
B. Backend Server

The backend is developed using Node.js and Expressframework. File upload is enabled by the multer middlewareand authentication is handled by JWT. The input MRI files are

stored at temporary location and then passed on to the Pythonscript responsible for processing. User profiles and scan historyis stored on MongoDB.
C. Data Preprocessing

MRI inputs are validated to be in the appropriate fileformat and then the volumes are loaded by Nibabel into anumeric array. They undergo brain region cropping and Min-Max normalization. Voxel spacing, extracted from NIfTIheader, is used to calculate the tumor volume in cm³.
D. Deep Learning Inference

The pre-trained 3D U-Net model is loaded in the Pythonscript and multimodal MRIs are feed to network to generatemulti-class segmentation masks. Volumetric features arecomputed using the segmentation mask. Tumor grade ispredicted by a Random Forest classifier, whereas predictionof survival time is achieved using patient age. Output imagesare stored and sent back to backend for visualization.
E. Result Delivery Module

The classification results of tumor, volumetric data andprediction are generated at the backend and sent to the front-end through an API response. The system interface displays andvisualizes images and numeric results.
F. Runtime operation

Upon execution of the system, the users upload the MRIscans using the interface and the data is sent to Pythonsegmentation pipelines. Models remain in memory thus efficientinference is obtained without frequent reloading. User caninteract with their images and obtain the results in real-time.
G. Development Environment

The NeuroScan AI system is developed using:
· Python for AI processing
· TensorFlow/Keras for 3D U-Net segmentation
· Scikit-learn for Random Forest classification
· NumPy and NiBabel for medical image handling
· Matplotlib for visualization
· Node.js and Express for backend server
· MongoDB for database management
· React for frontend interface
· JWT for authentication

V. RESULTS
The performance of the presented NeuroScan AI frameworkis evaluated based on quantitative and qualitative aspects. Multi-modal MRI scans are used as input to measure the segmentationaccuracy, performance of the tumor classification and volumeestimation.

A. Segmentation Performance
The tumor region, including the core, edema, and enhancingtumor are segmented by the 3D U-Net. It can be seen from the
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qualitative visual evaluation of segmentation mask that theboundary between tumor regions is accurately portrayed and theseparation between the tumor sub-regions is also correctlyrepresented.
The segmentation performance is analyzed based oncommon segmentation metrics, including Dice Coefficient (DC)and Intersection over Union (IoU). The proposed methodachieved a good overlap score between the predictedsegmentation mask and ground truth label, which proves theability to localize the tumor.

Dice Coefficient = 2 TP / (2 TP + FP + FN)
IoU = TP / (TP + FP + FN)

(TP=True Positives, FP=False Positives, FN=False Negatives)
TABLE ISEGMENTATION PERFORMANCE METRICS OF 3D U-NET MODEL

Metric Whole Tumor Tumor Core EnhancingTumor
Dice Coefficient 0.86 0.81 0.78

IoUScore 0.75 0.69 0.65
B. Tumor Classification Performance

The Random Forest classifier is assessed based on thefeatures extracted from tumors, the classification accuracyobtained for differentiating between HGG and LGG is good.The integration of volume features helps to achieve morereliable grade estimation in comparing with only using imagefeatures alone.
TABLE IICLASSIFICATION PERFORMANCE OF RANDOM FORESTMODEL

Metric Value
Accuracy 0.81
Precision 0.85
Recall 0.80

F1 – Score 0.82
C. Tumor Volume and Survival EstimationThe system computes the tumor volume in cm³ by usingvoxel spacing, the tumor volumes as well as sub-regionvolumes are computed. In survival prediction, we computedapproximate days of survival by inputting tumor characteristicsalong with age.
D. Qualitative Analysis

Visual results show that the segmentation mask overlaysare precisely made, surrounding structures of MRI images arenot affected during segmenting the tumors. The representativeoutput samples presented below demonstrate:
· Precise boundary detection for tumor segmentation.
· Accurate segmentation in three different regions oftumor.

· Clear visualization when overlay segmentationmasks with tumor regions.All the above results confirm the validity of the combinedsegmentation and classification model.

Fig. 3. Tumor grading, survival prediction, and volumetricanalysis

Fig. 4. Tumor segmentation mask and MRI overlayvisualization.
VI. CONCLUSION

The work of this paper is the proposal of NeuroScan AIwhich is an automated framework based on deep learning,dealing with brain tumor segmentation, classification,volumetric assessment and prediction of patient survival. Thesystem is a fusion of a 3D U-Net for the segmentation stagewith a Random Forest classifier for discriminating the tumor inthe images such as High Grade Glioma (HGG) or Low GradeGlioma (LGG) based on volumetric features.Different from many recent studies that are limited tooffline experiments, this paper proves that 3D medical imagescan be processed using deep learning in a real time frameworkthat can be useful for clinician support. The outcomes obtaineddemonstrate that accurate tumor boundary identification can beachieved with clinically relevant volumetric measures,contributing to filling the research- clinical gap.Some future improvements of the framework could be theinclusion of other types of images, such as CT and PET scans,and of other type of cancers, such as lung or breast tumors,after re-training the models. The performance of the systemcould also be improved by using hybrid CNN- Transformerarchitectures and using supplementary clinical information,such as genetic information and patient history. Moreover,
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optimization techniques like model pruning and quantizationcan be used to run the system efficiently in the clinical contextin real-time.
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