NeuroScan AI: An Advanced Brain Tumor Detection AI System
ABSTRACT
Brain tumors are very serious. They need to be found and treated as soon as possible.The problem is that looking at Magnetic Resonance Imaging scans by hand takes a time and can cause delays in finding out what is wrong.This study is about a system for detecting Brain Tumors on the web.It uses a kind of computer program called deep learning to look at MRI images and figure out what kind of tumor it is.We made a computer program using TensorFlow and Keras that can look at MRI scans and find patterns.This program is part of a web application that people can use easily. The web application has an interface that people can use to upload their MRI images.Then the computer program looks at the image.Tries to find out what kind of tumor it is.After that it shows the user what kind of tumor it found and gives them a report that they can download.This system shows how learning and web technology can work together to make finding Brain Tumors faster and more accurate.It can really help make the process of finding out what is wrong faster and better. We use Brain Tumor Detection and MRI Brain Images and deep learning and image classification to make this work.We also use TensorFlow and Keras and Flask and React to build the system.The goal is to make Tumor Classification and Medical Image Analysis easier and faster.The system is, about Brain Tumor Detection and making it better.
Keywords: Brain Tumor Detection, MRI Brain Images, Deep Learning, Image Classification, TensorFlow, Keras, Flask, React, Tumor Classification, Medical Image Analysis.


1. INTRODUCTION
Brain tumors are serious things. They need to be found and diagnosed quickly so that doctors can plan the treatment for brain tumors.There are technologies available to help with this. MRI scans are used a lot because they give pictures of the brain without using radiation.These images help doctors study brain tissue and find growths that could be brain tumors. With MRI scans specialists can see details like where the brain tumor's how big the brain tumor is and what the surrounding tissue looks like.
Even though MRI scans are helpful looking at a lot of images manually can be a job for healthcare professionals. In hospitals trained radiologists look at MRI scans to see if there is tissue growth and to find out what type of brain tumor it might be.
This process needs a lot of expertise and careful observation. As the number of imaging tests increases manually reviewing them can take a lot of time.Also


different specialists might interpret images differently based on their experience and perspective.
Such limitations underline the importance of developing intelligent computational solutions that can aid clinicians in the faster and more reliable assessment of brain tumor MRI images. Modern artificial intelligence approaches have recently shown significant capability in handling and interpreting medical imaging data, particularly MRI scans. Deep learning methods in particular have done well in recognizing images of brain tumors. Convolutional Neural Networks are designed to learn features from image datasets making them suitable for detecting abnormalities in medical scans of brain tumors. By training these models on brain MRI images the system can learn patterns associated with brain tissues enabling automated detection and classification of brain tumors.Developments in software and web technologies allow these intelligent models to be integrated into applications. A web-based platform can connect the

trained model with a user interface where MRI images can be uploaded and processed automatically. Such systems provide a way to get analysis results and demonstrate how artificial intelligence can support medical professionals in evaluating brain imaging data of brain tumors.These technologies aim to assist healthcare providers by improving efficiency in image analysis while contributing to accessible diagnostic support tools for brain tumors.
2. PROBLEM STATEMENTS
Current brain tumor diagnosis processes present several challenges that affect the efficiency and reliability of medical image analysis:
· Manual MRI analysis takes a lot of work: Radiologists must carefully observe brain scan images to identify unusual tissue regions.Reviewing every scan individually can take considerable time, especially in busy hospitals.
· Large number of MRI scans every day: The increasing number of patients undergoing imaging test creates a heavy workload for medical professionals.Managing and reviewing these images becomes more difficult as the volume of data growth
· Tumor types identification from MRI images: Many brain tumors show similar shapes, textures, or intensity patterns in scans. Because of these similarities, distinguishing between tumor categories using visual inspection alone can be difficult.
· Traditional methods rely on human observation: In many healthcare settings, specialists still perform most of the analysis manually.This process may limit the speed at which large imaging datasets can be evaluated.
· Automated system faster the image analysis: Integrating computational models with MRI data can assist in identifying abnormal brain regions.Such system can help provide quicker preliminary results and support medical professionals during diagnosis
3. MOTIVATION
Artificial intelligence is now a technology in medical image analysis.Deep learning techniques are especially helpful because they can study collections of images and automatically recognize important visual patterns. When

used with brain MRI scans these models can help detect areas that might indicate a tumor. Neural network models can be trained with frameworks like TensorFlow and Keras.
During training the model learns to tell the difference between brain tissue and areas with tumors.Once training is complete the model can analyze MRI images and give prediction results based on what it has learned about brain tumors.To make this technology user-friendly the trained model can be integrated into a web application.The interface can be built with React allowing users to upload MRI images directly through their browser.
This interface provides a way for users to use the detection system without needing technical knowledge about artificial intelligence.The applications backend can be implemented with Flask.It receives the MRI image does necessary preprocessing and sends the image to the trained model for analysis.
After the model finishes predicting the result is returned to the interface. Shown to the user.This type of system shows how machine learning and web technologies can work together to create a to-use platform for detecting brain tumors.By allowing MRI scans to be analyzed online the system can support image evaluation and make intelligent diagnostic tools more accessible, for medical image analysis.
4. OBJECTIVE
The specific, measurable objective of the NeuroScan AI project are:
· Create an online application capable of examining MRI brain scans and assisting in the identification of tumor-related patterns using automated analysis techniques.
· Train a deep neural network using TensorFlow and Keras so that the system can learn visual characteristics present in MRI images and recognize possible tumor categories
· Connect the trained model to a Flask-based server module that receives uploaded MRI images,performs required processing steps, and sends the data to the prediction model.
· Provide a React-based graphical interface through which users can easily upload brain scan images and interact with the detection platform.
· Allow the application to process submitted MRI images automatically, analyze the visual

information, and present the predicted tumor classification on the interface.
· 
Include a feature that creates a downloadable report summarizing the analysis results after the prediction process is completed.


5. LITERATURE REVIEW

	Author (Year)
	Paper Name
	Dataset
	Models
	Findings

	Roa et al. (2024)
	An efficient brain Tumor detection and classification using pre-trained convolutional
neural network models.[1]
	7022 MRI scans categorized into glioma, meningioma, pituitary, and no tumor.[2]
	Pre-trained CNN models(ResNet50 and EfficientNet) using data augmentation and the GrabCut algorithm for precise segmentation. [1][3][4]
	The EfficientNet model achieved the highest performance with an accuracy of 98%, a precision of 98.5%, a precision of 98.5%, and a recall of 99%.
[5][6][7]

	Mahmud et al (2023)
	
A Deep Analysis of Brain Tumor Detection from MR Images Using Deep Learning Network[8]
	
3264 MR images
from Kaggle [9][10]
	
Proposed CNN architecture compared against ResNet-50, VGG16,
and Inception V3[9][11]
	
The proposed CNN outperformed transfer learning models with a validation accuracy of 93.3%, an AUC of 98.43%, and a recall of 91.13%[9][12][13]

	Solanki et al. (2023)
	Brain Tumor Detection and Classification Using Intelligence Techniques: An Overview[14]
	Various benchmark datasets (BRATS, DICOM, Brain web)[15]
	Comprehensive overview of Deep Learning (DL) Machine Learning (ML) and Transfer Learning (TL)[16][17]
	Custom CNNs often demonstrate accuracy; emerging trends include 3D image processing and the use of attention mechanisms to reduce computational complexity.[18][19] [20]

	Amin et al. (2022)
	Brain tumor detection and classification using
	Publicly available datasets including BRATS series,
	Survey of preprocessing (N4ITK)
	Deep learning models are highly efficient for large



	
	machine learning: a comprehensive survey[21]
	ISLES and Harvard Whole Brain[22][23][24]
	segmentation (clustering, watershed) and deep learning trends[25][26][27]
	datasets because features are self- learned by the network; however small volume tumor detection remains a significant challenge.[28][29] [30]

	Amin et al. (2019)
	Brain Tumor Detection using Statistical and Machine Learning Method[42]
	BRATS 2013
BRATS 2015 and a local dataset[43][44]
	Weiner filter for enhancement Potential Field (PF) clustering for segmentation and fusion of LBP and GWT
features[45][46][47]
	The approach achieved specificity (1.00 on BRATS
2013) and improved Dice Similarity Coefficient (DSC) scores reaching 0.98 on BRATS 2015.[48][49][50]

	Sharma et al. (2014)
	Brain Tumor Detection based on Machine Learning Algorithms[51]
	212 brain MR images[52][53]
	GLCM for feature extraction; classification using Multi-Layer Perceptron (MLP) and Naive Bayes[54][55][56]
	The MLP model achieved a classification accuracy of 98.6% while the Naive Bayes classifier achieved 91.6%.[57][58

	Sharma et al. (2012)
	Application of Edge Detection for Brain Tumor Detection[68]
	MRI scan images[68][69]
	Noise removal, image enhancement (Laplacian) morphological operators and 2D Cellular Automata[68][70] [71]
	The algorithm provided an efficient means of identifying the exact location and size of tumor edges using Cellular Automata rule 252.[68][70][71]


Table 1. Literature Review
6. METHODOLOGY

NeuroScane AI functions as a computerized platform that examines brain MRI scans to assist in recognizing possible tumor categories. The system relies on a deep learning–based image interpretation approach to study visual information present in medical scans. Its overall structure includes a trained neural network model, an image preparation component, and a web interface through which users can submit MRI brain images for

analysis. When a user uploads an MRI scan through the application interface, the image first passes through a preparation stage where it is adjusted to meet the input requirements of the prediction model. This step involves resizing the image and standardizing its pixel values using Python image processing libraries so that the data can be correctly interpreted by the neural network.

After this preparation stage, the processed image is supplied to a convolutional neural network that has previously learned patterns from labeled MRI datasets. The network studies the visual characteristics within the scan and determines which tumor category most closely matches the detected features.
Finally, the predicted tumor type is returned to the user through the interface, allowing quick viewing of the analysis outcome.By automating this procedure, the system provides a faster method for examining MRI images and supports the identification of tumor types using modern deep learning and medical image processing techniques.
6.1 Python Programming Environment
The NeuroScan AI system uses Python 3.11.x. Python is a language use for building machine learning applications and making them work with web systems. It has lots of libraries that help with handling data, training models and making visuals. Libraries such as Numpy, Pandas and Matplotlib are assist in numerical computation, data manipulation, and graphical representation during the development stage.
6.2 Deep Learning Framework
The tumor classification model is developed using TensorFlow together with the Keras API. TensorFlow performs the mathematical operations required for neural network training and prediction.Keras simplifies the process of defining neural network layers and training configurations. A Convolution Neural Network(CNN) architecture is trained to study spatial patterns in MRI brain scans and identify tumor categories based on learned visual features
6.3 Image Processing Libraries
MRI scans must be prepared before they can be analyzed by the trained model.The system uses OpenCV to perform operations such as image resizing and normalization so that the images match the expected input format.NumPy is used for handling image matrices and performing numerical calculations required during preprocessing and prediction stages.
6.4 Backend Framework
The server-side component of the application is built using Flask.Flask acts as a bridge between the user

interface and the deep learning model.When an MRI image is uploaded, the backend processes the file, sends it to the trained model for analysis, and returns the predicted tumor class to the interface
6.3 Frontend Interface
The graphical interface is created using React.js to provide an interactive web environment.Users can upload MRI brain scans through the interface and view the prediction results generated by the system.React communicates with the Flask backend to exchange image data and display the classification outcome.
7. SYSTEM ARCHITECTURE
7.1 User Interaction layer
The User Interaction Layer represents the entry point of the NeuroScan AI system where users communicate with the application through a web interface. This layer enables different categories of users, including general users, medical professionals, administrators, and guest users, to access the system and perform their respective operations.
General users can upload MRI brain scan images and view the tumor detection results generated by the system. Medical experts are able to review the prediction outputs and analyze the generated reports for further evaluation.The administrator is responsible for managing system resources such as datasets and monitoring the overall performance of the application.In addition, guest users are provided with limited access so they can explore the system and observe prediction results.
Overall, this layer provides a simple and user-friendly interface that allows MRI brain scans to be uploaded easily without requiring knowledge of the underlying machine learning technologies.
7.2 Application Processing Layer
The Application Processing Layer manages the interaction between the user interface and the deep learning model responsible for tumor detection. This layer includes several important components such as the frontend interface, backend server, image processing unit, and prediction module.
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Figure 1. NeuroScan AI System Architecture Overview

The frontend interface is developed using React.js and serves as the main platform where users upload MRI images and view the prediction result.The backend system is implemented using the Flask framework in Python, which handles API requests, manages image uploads, and communicates with deep learning model. Within this layer, the image processing module performs several preprocessing operations on the uploaded MRI scans.These operations include resizing images to a fixed dimension, normalizing pixel values, and validating the input data.Such preprocessing steps ensure that the images are prepared in a standardized format before being provided to the trained neural network model.
7.3 Deep Learning Prediction Module
The Deep Learning Prediction Module acts as the core analytical component of the NeuroScan AI system.It utilizes a Convolutional Neural Network (CNN) to analyze MRI brain images and identify patterns associated with different types of brain tumors.
The CNN model is developed using TensorFlow and Keras, which provides an efficient framework for designing and deploying deep learning models.During prediction, the preprocessed MRI image is passed

through multiple convolutional layers where the network extracts important visual features such as edges, textures, shapes, and abnormal tissue regions.
Based on the extracted feature, the model performs classification and predicts the type of brain tumor present in the MRI image.The predicted result is then forwarded to the result generation component so that it can be displayed to the user through the web interface
7.4 Data and Model Management Layer
The Data and Model Management Layer stores the essential resources required for the training and operating the tumor detection system.This layer includes the MRI dataset, trained CNN model, model weight storage, and the report generation components.
The MRI dataset consists of labeled brain scan images that are used to train the neural network to recognize tumor patterns efficiently.After the training process is completed, the learned parameters of the model are saved in the .keras format.These stored weight allow the trained model to be reused for the prediction without repeating the training process. Additionally, the system includes a report generation module that creates downloadable	prediction	reports.Once	the	tumor

detection process is completed, the system can generate a report summarizing the classification result for the uploaded MRI scan.
8. IMPLEMENTATION
8.1 MRI Image Upload Workflow
The workflow of the NeuroScan AI system begins when a user uploads MRI brain image through the web application.This step allows the system to receive the medical scan that will later be analyzed for the tumor detection.
The process works as follows:
· The user opens the NeuroScan AI web interface and selects an MRI brain image from their local device.
· The system supports common image formats such as JPG, JPEG, and PNG, which makes it compatible with MRI images obtained from different imaging systems.
· After selecting the file, the image is uploaded to the server through the web interface.
· The backend server checks the uploaded file to confirm that the format is supported and that the image can be processed by the system.
· Once the verification is completed, the image is stored temporarily on the server and sent to the preprocessing stage for further preparation
8.2 Image Preprocessing and Model Analysis Workflow
After the MRI scan is uploaded successfully, the system begins preparing the image so that it can be analyzed by the trained deep learning model.
The process includes the following steps:
· The uploaded image is first passed to the preprocessing module.
· The system resizes the image so that it matches the input size required by the Convolutional Neural Network.
· Pixel values are normalized to maintain the consistency between different MRI scans.
· The processed image is then converted into a numerical array using the NumPy library.
· This numerical data is given as input to the CNN model built using the TensorFlow and Keras.
· Inside the model, convolutional layers analyze the MRI images and extract useful visual features such as edges, shapes, and abnormal tissue patterns.
· 
Based on these extracted features,the neural network determines the most suitable tumor classification.
8.3 Tumor Prediction and Result Display Workflow Once the model finishes analyzing the MRI image, the system generates the prediction results and presents it to the user through the web interface.
The process continues as follows:
· The CNN model calculates probability values for the possible tumor categories.
· The system selects the category with the highest probability as the predicted tumor type.
· This prediction result is then sent from the backend server to the frontend application.
· The web interface display the MRI images together with the predicted tumor classification.
· The user can review the prediction result and download the report if required.
9. RESULT
The NeuroScane AI system was put to the test with MRI brain images to see how well it could find and classify brain tumors on its own. This system has a website that people can use to upload their MRI brain scans and get the results of the tumor classification away.
When we were testing the system people uploaded MRI images through the website. After an image was uploaded the system did some work on it like making it the right size and normalizing it before sending it to the Convolutional Neural Network model that was already trained. This model, which uses learning looked at the MRI image and found the important features that are associated with abnormal brain tissues.
After the system was done looking at the MRI scan it made a prediction about what kind of tumor it thought it had found. This prediction was then sent back to the website, where people could see the MRI image they had uploaded and the results of the classification. This made it easy for people to look at the scan and understand what it meant.
The results of our test show that the NeuroScane AI system can find tumors automatically with little help from people. The system combines image processing, deep learning and a website that people can use to look at their results all in one place. The results also show that this system can look at MRI images quickly and give people the results of the tumor classification in a way that's easy to use.

What we learned from the results is that using learning with a website makes it easier and more useful for people to look at medical images. Of having to look at MRI scans by hand people can upload their images and get predictions in just a few seconds. This can help doctors look at brain MRI scans quickly and shows how artificial intelligence can be used to help with medical image diagnostics. The NeuroScane AI system and its ability to classify brain tumors is an example of this.
9.1 Tumor Detection (Stage-1)

Figure 2. Stage 1 Confusion Matrix
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The first part of the NeuroScan AI system looks at brain MRI scans to see if they have a tumor. The results of this part are shown in a confusion matrix in Figure 2.
We found out that the system correctly said 167 MRI scans were normal. It said 168 normal scans had a tumor. The system found tumors in 1329 scans. It missed 31 scans that really had a tumor.
These results show that the system is very good at finding tumors. It did not miss tumors, which is good because it means the system can find abnormal brain tissues. In tests it is very important to find all the tumors because if you do not find them it can delay treatment. Even though some normal scans were said to have tumors doctors can look at these scans again later.
So this part of the system works like a check looking at all the MRI scans and sending only the scans with tumors to the next part.
9.2 Tumor Type Classification (Stage-2)

Figure 3. Stage 2 Confusion Matrix
[image: ]
After the system finds a tumor the second part tries to figure out what kind of tumor it is. The system can tell the difference between glioma, meningioma and pituitary tumors.
The results are shown in Figure 3. The system correctly said 561 scans had glioma and it only made three mistakes. It correctly said 356 scans had meningioma. It said two scans had glioma when they really had meningioma. The system also correctly said 437 scans had tumors and it only made one mistake.
The system did not make mistakes, which means it can learn what different tumors look like in MRI scans. It is very important to know what kind of tumor someone has because each type needs treatment.
The results show that the NeuroScan AI system works well because it has two parts: the first part finds tumors and the second part figures out what kind of tumor it is. The NeuroScan AI system is good at finding tumors. Then figuring out what kind of tumor they are.


9.3 Accuracy Comparison of Models

Figure 4. Training & Validation Accuracy Comparison
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Figure 4 compares the training and validation accuracy of two models across several training epochs. Model 1 shows an improvement in training accuracy from about 82% to 87%. The validation accuracy of Model 1 remains around 81–82%. This suggests that Model 1 has learning capability.
Model 2 performs better than Model 1. The training accuracy of Model 2 increases from 60% to nearly 97%. The validation accuracy of Model 2 reaches about 95– 96%. This indicates that Model 2 learns effectively and generalizes better to unseen data than Model 1.
Therefore Model 2 provides classification performance compared to Model 1.
9.4 Loss Curve Analysis

Figure 5. Training & validation Loss Comparision
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The loss curves for both models are shown in Figure 5. Model 1 starts with a small training loss. Model 1 shows variation in training loss during training. This indicates that Model 1 has limited improvement in performance.

In contrast Model 2 demonstrates a reduction in both training and validation loss over time. The training loss of Model 2 decreases from 2.4 to below 0.1. The validation loss of Model 2 gradually drops to around 0.1. This consistent decline in loss suggests that Model 2 is successfully learning patterns from the dataset.
Overall the loss analysis confirms that Model 2 achieves optimization and lower prediction error, than Model 1.
10. FUTURE ENHANCEMENT
10.1 Integration with Hospital Information Systems The NeuroScan AI platform can be connected with Hospital Information Systems and Electronic Health Record platforms in the future. This connection will allow MRI scans to be automatically retrieved from hospital databases. The diagnostic results will be stored directly in the patient’s record. This will make things easier for hospitals. It will reduce the amount of data entry. Doctors will be able to see the results from the AI system alongside other patient information. The system will use healthcare communication protocols like HL7 and FHIR. This will ensure that data is exchanged securely and in a way between the AI system and hospital infrastructures. The NeuroScan AI platform and Hospital Information Systems will work together seamlessly.
10.2 Time MRI Processing and Edge Deployment Currently MRI images are analyzed after they are uploaded. In the future the system could support real- time MRI analysis. This will be done by integrating the model with imaging devices using edge computing technologies. The trained deep learning model will be deployed on edge servers in hospitals or diagnostic centers. MRI scans will be processed immediately after they are taken. This will reduce delays and enable quicker diagnosis.This is especially important in emergency situations where quick medical decisions are needed.The NeuroScan AI platform will use real-time MRI processing to help doctors make decisions.
10.3 Advanced Deep Learning Architectures
The model detects and classifies tumors effectively. However future improvements may involve using advanced deep learning architectures. Models like EfficientNet, Vision Transformers or hybrid CNN- Transformer networks have shown performance in medical imaging tasks. These architectures may improve feature extraction and classification accuracy. The system may also use learning techniques. This will

combine predictions from models and enhance reliability. The NeuroScan AI platform will use deep learning architectures to improve its performance.
10.4 Tumor Segmentation and Visualization
The current system focuses on tumor detection and classification. In the future it may include tumor segmentation. The model will. Highlight the exact tumor region within an MRI scan. Techniques like U-Net or Mask R-CNN will be used to generate segmentation maps.This will allow medical professionals to clearly see tumor boundaries and estimate tumor size. This will allow medical professionals to clearly see tumor boundaries and estimate tumor size.This will also be able to track changes over time.This information will be useful for treatment planning and surgical preparation.The NeuroScan AI platform will help doctors visualize tumors clearly.
10.5 Mobile Application for Remote Diagnosis
An application could be developed for Android and iOS platforms. This will enable healthcare professionals to upload MRI images and review outputs. They will be able to access reports directly from their smartphones or tablets. The system will have authentication push notifications and cloud synchronization. This will allow the system to support healthcare services and telemedicine applications. The NeuroScan AI platform will be available on devices.
10.6 Explainable AI for Medical Transparency
In healthcare it is important that AI predictions are understandable and transparent. The NeuroScan AI platform could integrate Explainable AI techniques like Grad-CAM or LIME. These techniques will visually highlight the areas of an MRI image that influence the model’s prediction. This will help doctors understand the reasoning behind AI decisions. It will increase trust in the system. Support more informed clinical judgments. The NeuroScan AI platform will provide understandable results.
10.7 
Large-Scale Dataset Expansion and Continuous Learning
The system’s performance can be improved by training the model on more diverse MRI datasets. These datasets will be obtained from hospitals and research centers. The system may also introduce a learning pipeline. The model will periodically retrain using collected medical images. This will allow the system to adapt to variations in imaging equipment scanning techniques and patient populations. The NeuroScan AI platform will become more accurate and reliable, over time. It will continue to learn and improve its performance. The NeuroScan AI platform and its dataset will keep growing and improving.
11. CONCLUSION
This project is about NeuroScan AI. It is a system that uses learning to find brain tumors in MRI images. The main goal of this work is to make a system that can find tumors and put them into groups without needing help from people.
The way this system works is in two steps. The first step is to see if the MRI image has a tumor in it. The second step is to figure out what kind of tumor it is. This makes it easier to look at the images. Makes the results more reliable.
The results of the tests show that the system is good at finding tumors in MRI images. The predictions it makes are good at telling the difference between abnormal brain images. It can also put tumors into groups and it does this very well.
There is a website where people can upload their MRI images and get the results. This is easy to use. It shows how artificial intelligence can be used to help with medical image analysis.
Overall this study shows that deep learning models can help with finding tumors and can assist doctors with making diagnoses. The NeuroScan AI system can help make the process of finding tumors easier and more accurate.
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