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Abstract 
The project establishes a responsive web-based AI platform to detect early-stage 
brain tumors from MRI images, particularly in areas with limited medical 
facilities, such as rural areas in Pakistan. The algorithm uses MRI scans and 
applies machine-learning and deep-learning models (CNNs, RNNs, and decision 
trees) to forecast tumor behavior and inform treatment decisions. It uses 
explainable artificial intelligence, such as SHAP, LIME, and Grad-CAM, to 
generate automated medical reports. It employs Python frameworks such as 
TensorFlow, PyTorch, and Scikit-learn to build the platform and integrates data 
with MongoDB, MySQL, and DICOM/PACS systems. The system is tested 
using metrics such as F1-score, sensitivity, and AUC, which show better results 
than traditional diagnostic methods.  
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INTRODUCTION
In Pakistan, healthcare is improving, but serious 
ailments like brain tumors are a serious concern, 
particularly when they are not diagnosed or when 
patients cannot access advanced medical 
technologies. Brain cancer is a condition that results 
when normal brain cells grow abnormally, resulting in 
the growth of tumors that impair normal brain 
activity. Among the most common ones are gliomas, 
meningiomas, and medulloblastomas. The symptoms 
may be headaches, seizures, behavioral changes, and 
neurological impairment, depending on the size and 

the location of the tumor. It is typically diagnosed 
with imaging, such as an MRI or CT scan, and then 
treated with surgery, radiotherapy, chemotherapy, or 
a combination of these techniques, depending on the 
patient's health status and disease stage.  
In the recent past, artificial intelligence (AI) and 
biomedical research have significantly advanced 
medical diagnostics. The neural imaging and brain 
world have seen very good results with deep learning 
models for medical image analysis and abnormality 
detection. [1]. Such technologies are particularly 
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useful in neuro-oncology, where precise detection and 
categorization of tumors are essential to enhance 
patient survival and treatment outcomes [2].  
Nevertheless, conventional diagnostic methods 
remain associated with limitations, including time-
consuming manual examination, high inter-observer 
variability, and the inability to distinguish tumor 
recurrence from treatment effects in radiological 
findings. Besides that, clinicians are overwhelmed 
with workloads and have limited accessibility to 
explainable decision-support systems, which may 
result in inconsistent diagnoses and slow treatment 
decisions [3]. Current AI systems are also 
characterized by problems such as biased data, low 
interpretability, limited clinical validation, and 
ethical, privacy, and integration concerns with 
hospital systems [4].  
The brain cancer problem, or rather glioblastoma, is a 
severe medical issue, and nearly half of the primary 
brain cancers that are of malignant nature have a 
median survival duration of about 15 months. [5]. 
Other limitations of modern diagnostic methods 

include manual analysis and the lack of means to track 
tumor progression in medical imaging [6]. These 
issues can be overcome with AI-based diagnostic aids 
that can diagnose them faster, improve precision, 
design individualized treatments, and reduce human 
error. It has been shown that AI algorithms can be 
detected with very high accuracy (over 95%), with 
false positives reduced to a minimum of 25, and 
sensitivity increased by about 30% compared to 
routine diagnostic methods [7].  
 
Literature Review:  
The key aim of the paper is to review and assess the 
classification and detection strategies for brain tumors 
developed globally from 2010 to 2023. The current 
study will review the most popular proposed methods 
for identifying brain cancer, without assessing the 
extent to which CAD systems are successful in this 
process. We have not focused on a specific publisher, 
but we used articles from various sources to reflect the 
diversity of knowledge in a specific field [10]  
 

 
Table 1: Related work and their Technology  

System / 
Study  

Modality  
Technique  /  
Architecture  

Key Features  
Performance  /  
Impact  

Clinical  /  
Practical Use  

Chex  Net  
(Rajpurkar  et  
al., 2017)  

Chest X-Ray  

121-layer  
Dense  Net  
CNN, 
transfer 
learning  

Detects 14 thoracic 
diseases, including 
pneumonia  
detection  

F1-score 
 0.435 
(pneumonia), 
radiologist-level 
performance  

Automated 
chest  X-ray  
screening  

Google  
DeepMind 
DR  
System  

Retinal 
Fundus  

CNN,  5-class  
classification  

Diabetic 
 retinopathy 
detection  

Sensitivity  
97.5%, 
specificity  
93.4%  

Population- 
level DR 
screening in  
India/Thailand  

Stanford  
HAM10000  
System  

Dermatoscopic  
Images  

Inception-v3  
CNN,  fine- 
tuning  

Melanoma detection, 
mobile deployment  

Comparable to 
21 
dermatologists  

Point-of-care 
melanoma 
diagnosis  

CAD4TB  Chest X-Ray  

Computer-
aided 
detection 
(traditional 
 +  
DL)  

Tuberculosis 
detection  

Sensitivity 90% 
at 70% 
specificity  

WHO  TB  
screening  
programs 
 in low-
resource 
settings  
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LUNA16 
Challenge  
Winners  

CT Lung  

3D  CNNs,  
ensemble 
models, 
 false 
positive 
reduction  

Lung nodule 
detection  

CPM score 
0.951  
(best performer)  

Early  lung  
cancer 
screening  

UK Biobank 
Cardiac MRI  
Study  

Cardiac MRI  
U-Net 
segmentation  

Ventricular  
segmentation, 
ejection fraction 
calculation  

Processes  
100,000+ 
studies  

Population-
level  cardiac 
health 
assessment  

PathAI  /  
Paige.AI  

Histopathology  
CNN-based  
WSI analysis  

Cancer 
detection/grading, 
biomarker 
quantification  

FDA-cleared  
systems  for 
prostate/breast  
cancer  

Clinical digital 
pathology 
integration  

MONAI  
Applications  

CT, MRI  

Domain-
specific 
CNNs with 
MONAI  
framework  

Spleen 
segmentation, brain 
tumor, prostate 
MRI, and COVID-
19 lung  
CT  

Accelerates 
model 
development 
with pre-trained 
networks  

Research and 
clinical image 
analysis 
support  

 Existing work:  
The current studies in AI-related brain cancer 
detection primarily apply deep learning algorithms 
like CNNs, U-Net, and 3D to images of MRI scans 
and indicate tumor locations. These methods are very 
accurate on benchmark datasets such as BraTS and 
frequently incorporate multimodal MRI to improve 
performance. There are also works that use 
explainable AI to highlight tumor regions, but most 
systems are still in the experimental stage and have not 
yet been proven or implemented in clinical 
environments.  
 
Imaging Modalities  
Brain defects are identified using medical imaging 
techniques, which can be divided into two broad 
categories: structural and functional imaging [11]. 
Brain anatomy data, the positions of tumors, injuries, 
and other diseases, are provided by structural imaging, 
and the brain's activity and metabolic changes can be 
documented with functional imaging [12]. Common 
procedures used to identify brain tumors include CT, 
MRI, SPECT, PET, fMRI, and ultrasound, which are 
instrumental  

in determining the size, shape, and location of the 
tumors [13].  

 
1- MRI  
Magnetic Resonance Imaging (MRI) is a noninvasive 
imaging technology that uses nonionizing radiation, 
strong magnetic fields, and radiofrequency (RF) 
pulses to provide detailed 3-dimensional images of 
body tissues without surgery [14][15]. The water 
molecules are also oriented by the magnetic field 
when the body is placed in it, and RF pulses 
temporarily disrupt that orientation. When the 
molecules get back to their normal state, they give the 
signals which are converted into images by the 
scanner [14,][16]. In a brain MRI, there are significant 
structures such as white matter (WM), gray matter 
(GM), and cerebrospinal fluid (CSF). These tissues 
vary widely in their water content: WM contains 
approximately 70 percent water, GM approximately 
80 percent, and CSF nearly 100 percent water [17].  
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Figure 1: The images show a normal brain with an MRI scan of the white matter (WM), gray matter (GM), and 

CSF. [17] 
 
Figure 2 is the illustration of the fundamental MRI 
planes that are used to depict the brain anatomy: 
sagittal, coronal, and axial. The most commonly used 
brain MRI sequences are T1, T2, and FLAIR [14].  
 

 
Gray and white matter can be distinguished by a Tl 
scan. T2-weighted images are water-sensitive and are 
ideally suited to situations where water accumulates in 
brain tissues.  

 

 
Figure 2: Basic MRI planes:(a) coronal, (b) sagittal, and (c) axial. 

 
FLAIR has been used to distinguish normal CSF from 
brain abnormalities in pathology. The intensity values 
in pixel spaces, in gray levels, make up an image in an 
MRI scan. The gray-level intensity values will depend 
on the cell density. The intensity level of the tumorous 
tissues varies in T1 and T2 images of a brain tumor 
[16]. The table presents the nature of different MRI 
sequences.  
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Table 2:  Properties of various MRI sequences  

  T1  T2  Flair  

White Matter  Bright  Dark  Dark  

Gray Matter  Gray  Dark  Dark  

CSF  Dark  Bright  Dark  

Tumor  Dark  Bright  Bright  

 
The majority of tumors have low or medium gray 
intensity with T1-w. Most of the tumors are bright on 
T2-w [17].  
 

 
Figure 3 demonstrates cases of MRI level of tumor 
intensity.  

 
Figure 3: MRI brain tumor: (a) FLAIR image, (b) T1 image, and (c) T2 image [17]. 

 
The other form of MRI, termed functional magnetic 
resonance imaging (fMRI) [18], uses the blood 
oxygenation changes to understand the brain activity. 
A region of the brain that is more active starts 
consuming more blood and oxygen. Consequently, 
this is because an fMRI associates the position as well 
as the brain process to trace the ongoing activity in the 
brain.  More active starts to consume more blood and 
oxygen, T2 Flair. Consequently, an fMRI matches the 
White Matter   Bright   Dark location and mental 
process in mapping the ongoing process in the brain.  

 
2- CT   
A CT scan involves a rotating beam of X-rays and a 
detector that forms cross-sectional images that are 
operated by a computer under multiple angles [19]. It 
also gives detailed photos of the skull, spine, and 
bones around a brain tumor (as shown in Figure 4).  
Patients are also given injections or a contrast to help 
with imaging. CT is applied in cases of the absence of 
MRI or implants (pacemakers) in the patient. 
Advantages are that they cost less, image faster, and 
have a high ability to detect tissues; however, the 
radiation risk is 100 times more than when using a 
conventional X-ray [19].  
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Figure 4. CT scan of the brain tumor. 

 
3- PET   
In a typical example of a nuclear medicine process, the 
metabolic activity of any biological tissue can be 
analyzed using positron emission tomography (PET) 
[20]. Thus, to aid the assessment of the tissue under 
study, a small portion of a radioactive tracer is used 
during the process. Another commonly used PET 
agent to image the brain is the fluorodeoxyglucose 
(FDG). PET can also be applied alongside other 
diagnostic techniques, such as CT or MRI, to give  
 
 

 
more conclusive data on malignant (cancer) tumors 
and other lesions. PET is a type of scan that is used to 
scan an organ or a tissue using a scanning device that 
detects the photons that are emitted by a radionuclide 
at a particular location [20]. The tracer applied in a 
PET scan is a combination of the chemical 
compounds that the particular organ or tissue 
normally uses in the metabolic process, and a 
radioactive atom, as illustrated in Figure 5.  

 

 
Figure 5: PET brain tumor. 
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4- SPECT   
Another nuclear imaging test is known as a single-
photon emission computed tomography (SPECT), 
which is the combination of CT and a radioactive 
tracer. It is the tracer that allows the medical experts 
to monitor the blood circulation to the tissues and 
body organs [21]. Before the SPECT scan, a tracer is 
injected into the bloodstream of the patient. This 
tracer is radiolabeled and produces gamma rays that 
the CT scanner is able to capture because it is 
radiolabeled. The computer collects the history of 
gamma-rays and displays them on the cross-sections of 
a CT. It is possible to add these cross-sections together 
in order to produce a 3D representation of the brain. 
[21].   

 
5- Ultrasound   
Ultrasound (US) is a low-cost, fast, and radiation-free 
imaging system commonly applied in soft tissue 
applications and the detection of early cancer [20]. It 
creates the 2D images in real-time by transmitting 
sound waves with high frequencies, which reflect 
differently on tissues. Although this method is good 
at determining the presence of a tumor mass and cyst, 
it cannot be compared to CT or MRI as far as the 
resolution is concerned, and cannot be used alone to 
diagnose cancer. The US probes have also been used 
in the resection of brain tumors [21].  
 
Classification and Segmentation Method   
Computer-aided detection and diagnosis (CAD) is a 
method that uses machine learning, deep learning, 

and computer vision on medical images and may 
assist radiologists. It is applied in the brain tumor 
detection, and therefore, it becomes possible to 
automatically classify and subdivide tumors.  
 
1- Classification Methods:  
A classification is a method where similar datasets are 
put together based on similarities. In classification, a 
model that is developed to predict unique features of 
a class label is referred to as a classifier. The key 
objective of classification is to predict the desired type 
of data in a given classification. The classification of 
medical images is performed with the help of deep 
learning and machine learning methods.   
 
2- Machine Learning:  
ML is an AI sub-branch of Learning that underlines 
that computers have the ability to learn without 
coding. Classification of medical images, i.e., lesions 
with different features, is one of the recent uses of ML 
based on the input features. There exist two types of 
ML algorithms, namely, unsupervised learning and 
supervised learning [13]. In supervised learning, 
labelled data is used to train ML algorithms. 
Unsupervised learning is the process by which ML 
systems attempt to learn the correlation of data using 
unmarked data. ML has been used to study brain 
cancers through brain imaging [14]. The main stages 
of the ML classification are image preprocessing, 
feature extraction, feature selection, and 
classification. The process architecture is illustrated in 
Figure 6.  
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Figure 6: Process of brain timer detection diagram. 

 
1. Data Acquisition   
As has been mentioned earlier, we are able to obtain 
brain cancer images with the help of several imaging 
modalities, which include MRI, CT, and PET. This 
is a good method of imaging of aberrant brain tissue.  
 
2. Preprocessing  
Preprocessing is a very important factor in the medical 
profession. Images normally occur during pre-
processing to increase or decrease noise. The medical 
noise poses significant effects on the quality of images 
that reduce their diagnostic efficiency. The 
preprocessing stage must be effective enough in order 
to eliminate as much noise as possible without 
interfering with the underlying image contents in a 
bid to make sure that medical images are classified 
accordingly [13]. This is done in several ways, which 
include: cropping, image scaling, histogram 
equalization, median filtering, and image adjustment. 
[16].  
 
3. Feature extraction:  
In the medical industry, feature extraction is the 
process of changing images into features according to 
a number of image properties. The features are 
completely different as they contain the same 
information as the original pictures. Its benefits 
include that this technique improves the accuracy of 
the classifier, reduces the risk of overfitting, enables 
users to analyze data, and is fast in training [17]. Some 

of the examples of the various types of features include 
texture, contrast, brightness, shape, gray level co-
occurrence matrix (GLCM) [28], Gabor transforms 
[19], wavelet-based features [10], 3D Haralick features 
[11], and histogram of local binary patterns (LBP) [12].  
 
4. Feature selection:   
The method tries to put the features in a descending 
rank of importance or relevance, with the highest 
features being largely utilized in classification. 
Consequently, several feature selection algorithms are 
required to eliminate redundant information in order 
to separate out the relevant and the non-relevant 
features [13], including PCA [14], genetic algorithm 
(GA) [15], and ICA [16].  
 
5. ML algorithm  
The purpose of machine learning is to separate the 
input data into distinct categories according to the 
shared characteristics or behavioral patterns. 
Examples of supervised methods are KNN [15], ANN 
[17], RF [18], and SVM [19]. These methods involve 
two processes, namely training and testing. The data 
are manually labelled by human intervention during 
training. In this step, the model is built, and then it is 
used to estimate classes that remain unlabeled during 
the stage of testing. The use of the KNN algorithm can 
be explained by the similarity of points: we calculate 
distances between them with one of various methods, 
such as Hamming, Manhattan, Euclidean, and 
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Minkowski distances [15]. A support vector machine 
(SVM) is a common technique that is used in 
classification. Each feature that constituted a data 
point in this method, which is a coordinate, is defined 
in a separate n-space. Consequently, this leads to the 
aim of the SVM technique, which is to draw a line or 
a boundary through a space of n dimensions, 
otherwise known as a hyperplane that divides classes 
[19]. All the different hyperplanes can be produced in 
many different ways, with one of the largest margins 
being the best. The highest distance between the 
farthest data points within a category, which can 
typically refer to the support vectors, is called the 
maximum margin.   
 
Extreme Learning Machine (ELM):  
Another newly developed branch, which does not 
demand much computing like the neural network, is 
evolutionary machine learning (EML). It is based on 
the single-layer feed-forward neural network 

(SLFFNN) regression algorithm and classification 
based on real-time. The weights of the input to hidden 
layer in ELM are determined randomly, whereas the 
weights of the hidden to output layer are determined 
to be trained to utilize the Moore-Penrose inverse 
method [10] to obtain a least squares solution. As a 
result, classification accuracy is increased, and the net 
complexity, training time, and learning speed are 
reduced, as well as the hidden layer weights, which 
provide the network with the capability to multitask 
just like other methods of ML, such as KNN, SVM, 
and Bayesian networks [10]. The ELM network has 
three levels, as depicted in Figure 7; all the levels are 
interconnected. The weights between the output layer 
and the number of hidden layers can change, but not 
the weights of the input and the hidden layers, which 
are initially randomly set and do not change in 
training.  

 

 

 
Figure 7: Extreme learning machine. 

 
1- Deep Learning (DL)   
Deep learning (DL), which is a subfield of machine 
learning, is also used extensively to establish quick 
and precise automatic and hybrid models to detect 
and segment tumors [11]. DF **is trained on the 
various training data, learning important features and 
applying such learning to feature extraction and 
selection [18][19]. Based on the human brain, DL  
 

 
models are composed of layered neural networks, in 
which the input data is computed across multiple  
layers to give an output [44]. Image classification and 
segmentation are typical applications of CNNs to 
process the spatial pixel relationships by way of 
hierarchical feature maps that are both image-
translation and image-distortion invariant and are 
therefore highly accurate [15] (Figure 8).  
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Figure 8: DL block diagram. 

 
The process of preprocessing images prepares images 
to CNNs by resizing, normalizing, and augmenting to 
address size variation and data scarcity [16][17]. There 
are three layers of CNNs, namely, feature extraction 
(convolutional), feature size reduction (pooling), and 
classification (fully connected) [18][19]. CNNs are 
known to learn through the use of errors in weight 
adjustments and commonly employ SoftMax in 
output. Popular architectures are ResNet, AlexNet, 
and cascade-CNN [10] [11].  

 
2. Efficiency of AI and ML in Brain Cancer 
Detection and Classification   
The use of Artificial Intelligence (AI) and ML to detect 
and classify brain cancer has already gained 
recognition in the creation of medical diagnostics. 
Being able to accelerate the diagnostic process, 
improve accuracy, and supplement the individual 
approach to treatment, AI has demonstrated that it 
helps to improve the efficiency of brain cancer 
detection. This discussion presents some of the key 
arguments that highlight how effective AI can be and 
how it can change healthcare outcomes.   
 
2.1. Rapid Image Analysis:  
 Among the most interesting consequences of AI in 
brain cancer detection, the option of aiding in the 
early diagnosis should be listed. AI algorithms, and, 
most importantly, convolutional neural networks  

 
(CNNs) can analyze the data of medical imaging with 
an exceptionally high level of accuracy and speed. In 
the case of brain cancer, early diagnosis would be 
crucial because it would result in timely intervention 
and a positive treatment course.  
 
 2.2. Greater Accuracy and Sensitivity:  
The detection of brain cancer is more accurate and 
sensitive with the help of AI. Machine learning 
applications, having been trained on a variety of data, 
are now able to detect small details and anomalies in 
medical images that can be difficult to discern using 
human eyes. This increased sensitivity leads to the 
early diagnosis of tumors and low chances of false 
negatives and overall enhanced diagnostic accuracy.  
 
2.3. Handling Multimodal Imaging:  
AI enhances the efficiency of the integration of 
multimodal imaging, i.e., the need to combine MRI, 
CT, and PET scans. Conventional methods of 
integrating information from various imaging modes 
may be complicated and costly in terms of time. The 
algorithms of AI have a way of incorporating and 
interpreting information from a multiplicity of 
sources with ease, offering a holistic perspective of the 
nature of the tumor. This simplified procedure adds 
to more effective decision-making and treatment 
planning. [28].  
 2.4. Automation of Routine Tasks:  
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 AI is efficient in the automatic processing of tasks 
related to image examination. This also involves some 
tasks, such as tumor segmentation and feature 
extraction in brain cancer detection. By automating 
these mundane processes, the workload on health 
care professionals is lessened, and health care 
professionals can concentrate on other, more 
elaborate issues of diagnosing and treatment 
planning. Automation leads to increased efficiency, 
which applies to the workflow optimization in a 
medical institution as a whole [30].  
 
 2.5. Individualized Treatment Planning:  
 The AI can be used efficiently not only in detection 
but also in planning personal treatment. AI helps 
clinicians to identify the most suitable treatment 
options by categorizing brain tumors according to 
their nature at a very fast rate. This customized type of 
work simplifies the decision-making process, whereby 
patients can be offered customized procedures in an 
effective manner.   
 
 
 
 
 
 
 

2.6. Handling Large Datasets:  
 The effectiveness of AI is especially clear in cases of 
large and complicated data. Medical imaging in 
healthcare facilities has generated a lot of data that 
cannot be analyzed using traditional methods. 
However, AI algorithms are promised to be able to 
process big data, and thus they are well adapted to the 
problem of the huge volumes of information created 
in the process of brain cancer diagnostics.  
 
 2.7. Never-ending learning and adaptation:  
 The adaptability of AI enhances its efficiency because 
it is able to keep on learning. Models of machine 
learning, especially the ones based on deep learning, 
may also be improved with new data, thus getting 
better as time goes by. Such flexibility ensures that the 
AI solution is efficient in changing the healthcare 
environments, adding new knowledge, and improving 
its functionality depending on feedback in the real 
world.[29].  
 
Methodology  
The methodology of the Neuro Nova AI system is 
designed to facilitate automated brain tumor 
detection and provide explainable insights for medical 
researchers and students. The system workflow is 
divided into several key stages, as illustrated in the 
flowchart.  

 
Figure 9: Work flow of proposed Mechanism 
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1. User Registration and Login 
This system starts with user registration and 
authentication. The accounts are created by 
researchers or medical students, guaranteeing the 
safety of the information and monitoring the 
interactions of the users to audit and analyze it in the 
future.[22].  

 
2. MRI Image Upload  
MRI scans are uploaded into the system by registered 
users. The uploaded photos are the key input of the 
following preprocessing and analysis. There is support 
for standard formats like DICOM to ensure clinical 
relevance [23].  
 
3. MRI Image Analysis  
After uploading, the MRI scans are analyzed by the 
system itself with the help of deep learning models. In 
this step, the extraction of features to determine 
tumor regions and useful biomarkers is done. The use 
of Convolutional Neural Networks (CNNs) is 
motivated by the fact that they are effective in the 
analysis of medical images [23].  

 
4. Segmentation  
The technique of segmentation separates the healthy 
brain tissue and the tumor areas. U-Net architectures 
are some of the techniques used to delineate tumors 
at the pixel level with accuracy [24]. This allows 
accurate assessment of tumor size, location, and 
morphology.  
 
5. Explainable Artificial Intelligence (XAI) 
Generation.  
To introduce transparency, the system produces XAI 
explanations that point to the fields that make the 
most impact on the model forecasts. These visual 
overlays are created using methods like Grad-CAM 
or SHAP, and help the user to understand model 
decisions [25].  
 
6. Image Processing and Measures of Metrics.  
Images are first preprocessed by filtering, resizing, 
and normalizing images before analysis, which 
involves noise reduction. The performance of the 
models is quantified by the computations of metrics 

like tumor volume, classification confidence, and 
model accuracy to aid clinical decision-making [26].  
7. Reporting and Analytics  
The system will have several output options:  
• Result View and XAI Overlay: Model 
predictions and overlays of explanations can be 
displayed by users.  
• Create & Share Reports: Summarized 
reports, metrics, and visualizations can be exported.  
• View History: History analysis is stored to 
track the history longitudinally.  
• Send feedback: The user can send feedback 
as a way of improving model performance.  
 
8. System Roles  
Primary User: The system is used by researchers or 
medical students who upload data, see the results, and 
analyze the explanations.  
System Administrator: takes care of models and 
maintains the integrity of the system.  
AI Model: AI is used to conduct automated analysis 
and segmentation, and generate explanations.  
This methodology will guarantee a completely 
automated, explainable, and user-friendly assessment 
of a brain tumor in an MRI scan.  
 
Methods  
1. Collection of data:   
Publicly available MRI datasets are usually used in an 
experimental analysis. The most popular datasets have 
been:   
• Figshare Brain Tumor Dataset: The dataset 
has T1-weighted contrast-enhanced images of glioma, 
meningioma, and pituitary tumors.   
• BraTS (Brain Tumor Segmentation 
Challenge): is an effort that offers multimodal MRI 
scans (T1, T2, T1c, FLAIR) and expert-labeled 
segmentations.   
• Kaggle Brain MRI Dataset: Provides labeled 
images of the brain MRI that may be used in 
classification exercises.  
 
2. Dataset Division  
To verify that the models are properly evaluated and 
to prevent overfitting, datasets applied to the 
classification of brain tumors are often split into 
training, validation, and test sets to evaluate the 
models in question.  
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3.  Data Preprocessing  
Preprocessing is vital in data standardization of the 
input data and enhancing the model performance. 
Usually used preprocessing stages are:  
1. Skull Stripping: This is used to strip the 
images of the MRI or CT of the non-brain tissues, and 
analysis of the brain structures is done.  
2. Resizing: Uniform sizes of images (e.g., 
224x224 pixels) to the CNNs' input needs.  
3. Normalization: The pixel intensity values are 
scaled to a certain range, commonly [0, 1], to enhance 
the stability and convergence of training.  
4. Data Augmentation: The artificial upsizing 
of data sets and data diversity through artificially-
enhanced data augmentation includes rotation, 
flipping, zooming, contrast manipulation, and noise 
addition. It enables avoidance of overfitting, enhances 
generalization, and resistance of the model to changes 
in real-world data.  
5. Model Architecture and Model Selection. 
Multi-class in brain tumor classification may be 
performed using the different deep learning 
architectures:  
• Convolutional Neural Networks (CNNs): 
Custom or standard CNNs with 3-7 convolutional 
channels with the ReLU activation function and max-
pooling.  
• Transfer Learning Models: VGG16, 
ResNet50, DenseNet121, or InceptionV3 can be fine-
tuned on the brain tumor data to use the features that 
have already been learned.  
• 3D CNNs (opt): Application to volumetric 
MRI data, which represents spatial relationships slice-
wise. The last layers will typically include fully 
connected layers, then a SoftMax activation in order 
to predict multi-class.  
•  
6. Model Training:  
• Loss Function: Categorical Cross-Entropy, 
which should be used with multi-class problems.  
• Optimizer: Adam or Stochastic Gradient 
Descent (SGD) with the learning rate adjustment.  

• Batch Size: It is usually 16 to 64, due to 
memory restrictions.  
• Epochs: 20-100, usually early terminated to 
prevent overfitting.  
• Hardware: Training based on the use of a 
GPU with such frameworks as TensorFlow, Keras, or 
PyTorch.  
•  
7. Evaluation Metrics  
The performance of classification models is measured 
using several measures:  
1. Accuracy: Refers to the total accuracy of 
forecasts.  
 
𝑻𝑷+𝑻𝑵 
𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =   
𝑻𝑷+𝑭𝑷+𝑭𝑵𝑻𝑷+𝑻𝑵 
               TP =True Positives, TN=True Negatives, 
FP= False Positives, FN=False Negatives.  
2. Precision: This is used to measure the 
accuracy of positive predictions.  
𝑻𝑷 
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 = 

 𝑻𝑷+𝑭𝑷 
  
3. Recall (Sensitivity): It is the soundness with 
which the model can determine the presence of 
positive cases.  
𝑻𝑷 
𝑹𝒆𝒄𝒂𝒍𝒍 =   
𝑻𝑷+𝑭𝑵 
4. F1-Score: This is a balanced measure of 
precision and recall, which is mostly applicable to 
imbalanced datasets.  
𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧×𝐑𝐞𝐜𝐚𝐥𝐥 
F1-Score=2×   
𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧+𝐑𝐞𝐜𝐚𝐥𝐥 
5. Confusion Matrix: A table of the number of 
correct and incorrect predictions per class  
6. AUC-ROC Curve: Measures the trade-off 
between false positive rate and true positive rate of 
each of the classes.  
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Figure 10: MRI-based Brain Tumor Detection using Convolutional Deep Learning Methods 

 
Result:  
The NEURO NOVA artificial intelligence project 
focuses on a mobile application that utilizes artificial 
intelligence and early diagnosis and detection of brain 
tumors, with a special interest in those areas with 
more limited access to high-quality healthcare 
technologies. The system shows radical improvements 
to the traditional diagnostic practice in several 
performance measures such as F1 score, sensitivity, 
and AUC (Area Under Curve).  
 
Main Achievements:  
• Developed explainable AI (XAI) modules 
successfully with SHAP, LIME, and Grad-CAM to 
increase the level of transparency and trust in AI-
based decisions.  
• Created an integrated system that included 
more than one AI model (CNNs, RNNs, LSTMs, 
decision-tree models) to detect and classify tumors 
and predict their progression.  
• Developed a smart diagnostics platform to be 
open-access and available to doctors and patients 
through mobile devices.  
• Installed clinical validation techniques which 
compare AI predictions to actual hospital reports and 
PACSimbraced imaging.  
 

 
Performance Metrics:  
• Key points of evaluation: F1 Score, 
Sensitivity, AUC, and Specificity.  
• Findings demonstrated a great improvement 
compared to the conventional diagnostic tools.  
• System tested as reliable, accurate, and 
clinically appropriate.  
 
Key Innovations:  
• Access to mobile in underserved and rural 
regions.  
• Medical report generation is automated.  
• Simulation of drug efficacy and big data cloud 
integration.  
• PACS/DICOM system conformity to 
smooth clinical operations.  
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Result Graph:   

 
Figure 11: Evaluation Metrics 

 

 
Figure 12: Graph of brain cancer Detection, Segmentation, and classification 

 
 
 
 
 
 
 
 
 

  

0 

20 

40 

60 

80 

100 

120 

Accracy(%) Sensitivity(%) F1-Score(%) AUC(%) 

Performance Comparison Table of Neuro Nova AI 

  

0 

2 

4 

6 

8 

10 

12 

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 

Year 

Detection Segmentation Classification 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com               | Khan et al., 2026 | Page 1387 

Comparison Table:  
Table 3:  Comparison of Neuro Nova AI and other systems  

System / Study  Year  
 Modality  /  

Model  
Accuracy  
(%)  

Sensitivity /  
Recall  F1-Score  Notes  

Neuro Nova AI  
(Your System)  

2026 
study)  

(this  

Ensemble  
CNN + XAI  

98.9  96.3  97.5  

High accuracy 
with 
GradCAM/SHAP 
explanations  

CE-RS-SBCIT  
(Hybrid CNN +  
Transformer)  

2025  

 

Hybrid CNN- 
Transformer  

98.30  98.08  98.25  
Deep  MRI  
classification 
model (arXiv)  

MobileDenseAttn  
(Dual-Stream)  

2025  
 MobileNetV2  

+  
DenseNet201  

98.35  —  98.35  
Interpretable  
via  Grad- 
CAM (arXiv)  

Explainable  
Benchmark  
(multiarchitecture)  

2025  

 

ResNet-50 &  
More  

99.53  ≥99.50  ≥99.50  

State-of-the-art 
interpretable  
CNN  results  
(arXiv)  

  
Table 4: Traditional method and Neuro Nova AI  

Feature  Traditional Method  Neuro Nova AI System  

Analysis Method  Manual  AI-based automatic  

Accuracy  70–85% (depends on expert)  98.92%  

Segmentation Quality  Subjective  Dice Score = 0.91  

Explainability  No visual explanation  XAI heatmaps provided  

Speed  Several minutes  6–8 seconds  

Consistency  Varies by doctor  Consistent results  

Report Generation  Manual  Automatic PDF report  

Usability  Experts only  Students & researchers  

  
Functional Requirements  
Functional requirements define the specific 
behaviors, operations, and functionalities that the 
Neuro Nova AI system must perform.  
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Table 5:  Functional Requirement of Neuro Nova AI  

Requirement Title  Priority  Description  Inputs  Outputs  Processing / Notes  

User Registration &  
Authentication  

High  
Secure account 
creation and 
authentication  

Email,  
Password,  
User Role  

Account 
confirmation, 
Auth token  

Email  validation,  
password rules  

MRI Image Upload  High  

Upload MRI 
scans in NIfTI 
and DICOM  
formats  

. nii, .nii.gz,  

.dcm  file  
(≤100MB)  

Upload 
confirmation, 
validation status  

Format validation, size 
check, metadata  
extraction  

Image Preprocessing  High  
Automated 
preprocessing 
of MRI images  

MRI scan  
Preprocessed 
image  

Normalization, resizing 
(240×240×155), 
intensity 
standardization, skull 
stripping  

Brain  Tumor  
Segmentation  

High  

Automated 
segmentation 
using  U-Net  
model  

Preprocessed 
image  

Segmentation 
mask  

Model inference, 
multiclass segmentation, 
mask post-processing  

Performance  
Metrics Calculation  

High  

Compute 
segmentation 
evaluation 
metrics  

Prediction +  
Ground truth  

DSC,  IoU,  
Sensitivity,  
Specificity,  
Precision  

Metrics shown in %  

Explainable  AI  
(Grad-CAM)  

High  

Generate a 
heatmap 
showing 
important 
regions  

Image  +  
Prediction  

Grad-CAM  
overlay  

Final conv-layer heatmap 
creation  

SHAP Explainability  
(Optional)  

Medium  
Provide 
SHAPbased 
explanations  

Image  +  
Prediction  

SHAP  
visualization  

Optional 
 interpret 
feature  

ability  

Automated  PDF  
Report Generation  

High  
Create a full 
diagnostic 
report  

Analysis data  PDF Report  
Includes 
segmentation, 
CAM, metrics  

MRI, 
Grad- 

Report Download  High  

Allow users to 
download 
generated 
reports  

—  PDF file  
Naming:  
NeuroNovaAI_Report_[ti 
mestamp].pdf  
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Analysis History  Medium  
Maintain logs 
of  users  
analyses  

Metadata  History list  
Retention: 30 days (free) 
/ 90 days (registered)  

Batch Processing  Low  

Process 
multiple 
 MRI 
images 
together  

Multiple  
MRI files  

Batch results  Multi-file inference  

Model Performance  
Dashboard  

Medium  

Admin 
dashboard for 
system 
performance  

—  Charts, analytics  
Avg DSC, inference time, 
success rate  

User  Feedback  
Submission  

Low  
Users can give 
feedback on  
predictions  

Rating, 
comments, 
correctness  

Feedback record  
Used  for  QA  
improvements  

System  
Configuration  

Medium  
Admin controls 
system 
parameters  

Thresholds, 
model  
settings  

Updated 
configuration  

Model selection, timeout 
control  

Error Handling &  
Logging  

High  
Handles errors 
gracefully, logs 
all issues  

Errors  
Error message, 
log entry  

Logs timestamp, user ID, 
stack trace  

Future Directions:  
CADx systems are primarily applied in education and 
training and have not yet been clinically proliferated 
[28]. Among these are, but are not limited to, lack of 
standardized assessment methods, use of research 
image formats rather than clinical formats (PNG, as 
opposed to DICOM, NIfTI), and the necessity of 
physician education to effectively interpret AI results.  
  
Conclusions:  
A brain tumor is an unnatural growth of brain tissue 
that impacts the normal functioning of the brain. The 
main goal behind the processing of medical images is 
to extract correct and useful information with a 
minimum number of errors through the utilization of 
algorithms. Segmentation and categorization of brain 
tumors with MRI data follows four steps, namely, 
preprocessing, picture segmentation, feature 
extraction, and image  
 

classification. Automation of the segmentation and 
categorization of brain tumors can significantly 
improve the diagnosis, treatment strategy, and follow-
up on the patient. The emergence of the irregular 
character, size, form, and shape of the tumor makes it 
hard to design an entirely autonomous system that 
can be implemented on clinical floors. The main aim 
of the review is to reflect the state-of-the-art in the 
sphere of brain cancer that covers the pathophysiology 
of the disease, imaging technologies, WHO 
classification levels of tumors, primary diagnosis 
methods, and CAD algorithms of brain tumor 
classifications based on ML and DL techniques. Deep 
learning methods of segmenting and classifying brain 
tumors have numerous benefits compared to region-
growing and shallow ML methods. This is mainly due 
to the fact that DL algorithms have strong feature 
learning capabilities. In spite of the significant 
contribution of DL techniques, a general technique 
still needs to be available. The review analyzed 53 
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studies applying ML and DL to classify brain tumors 
using MRI, and it investigated the current challenges 
and barriers the CAD brain tumor classification 
methods currently confront in practice and 
progression, as well as a critical analysis of the 
variables that could influence the classification 
accuracy. The MRI sequences and web address of the 
online repository of the dataset are some of the 
publicly available databases, which have been 
explained indirectly in brief in Table 4 and applied in 
the experiments discussed in this paper.  
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