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Abstract- Brain tumors result from the abnormal and 

uncontrolled growth of cells. If left untreated during the early 

stages, they can become life-threatening. Although numerous 

significant advancements have been achieved in this field, 

ensuring accurate segmentation and classification remains a 

complex challenge. The primary difficulty in detecting brain 

tumors lies in the variations in their location, size, and shape. 

This paper aims to provide an extensive review of brain tumor 

detection methods using magnetic resonance imaging (MRI) to 

support researchers in their work. It encompasses discussions 

on the structure of brain tumors, publicly accessible datasets, 

image enhancement techniques, segmentation methods, 

feature extraction, classification approaches, and the role of 

advanced technologies such as deep learning, transfer 

learning, and quantum machine learning in analyzing brain 

tumors. Lastly, this survey summarizes key findings, 

highlighting the advantages, limitations, advancements, and 

potential future directions in brain tumor detection research. 
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I. INTRODUCTION 

 

 Brain tumors represent a significant health challenge, 

often leading to life-threatening complications if not detected 

and treated promptly. These abnormal growths disrupt the 

normal functioning of the brain, which, along with the spinal 

cord, forms the central nervous system (CNS). The CNS is 

responsible for transmitting sensory information and 

coordinating actions throughout the body. The brain, 

anatomically divided into the cerebrum, cerebellum, and 

brainstem, plays a vital role in various functions, including 

motor control, memory, sensory processing, and balance. Each 

region has distinct responsibilities: the frontal lobe governs 

problem-solving and motor control, the parietal lobe manages 

spatial orientation, the temporal lobe oversees memory and 

auditory functions, and the occipital lobe handles visual 

processing. The cerebellum ensures coordination of voluntary 

movements and balance, while the brainstem regulates 

essential functions such as breathing and heart rate. 

 

Despite advancements in medical imaging 

technologies, accurately identifying and classifying brain 

tumors remains a challenging task. Tumors vary widely in 

their location, size, and shape, complicating the diagnostic 

process. Magnetic Resonance Imaging (MRI) is widely 

regarded as a gold standard in brain tumor detection due to its 

non-invasive and detailed imaging capabilities. However, 

traditional diagnostic methods often rely on manual 

interpretation, which is not only time-intensive but also 

susceptible to human error. 

 

These limitations underscore the need for automated, 

reliable systems that can enhance diagnostic accuracy and 

efficiency. 

 

This paper addresses these challenges by presenting 

an advanced system for brain tumor detection using machine 

learning, with a specific focus on Convolutional Neural 

Networks (CNNs). CNNs, a type of deep learning model, have 

demonstrated exceptional performance in image processing 

tasks, making them well-suited for analyzing complex MRI 

data. The proposed system integrates several components to 

ensure robust performance. Initially, MRI scans are 

preprocessed to enhance image quality and standardize input 

data. Following this, essential features are extracted to 

highlight the tumor regions, which are then classified into 

tumor and non-tumor categories using optimized CNN 

architectures. Techniques such as data augmentation are 

employed to improve the model's generalizability and reduce 

overfitting, ensuring high accuracy across diverse datasets. 

 

The system also incorporates a user-friendly interface 

designed for clinical settings. This interface allows healthcare 

professionals to upload MRI scans effortlessly and receive 

diagnostic predictions in real time. Such functionality not only 

streamlines the tumor detection process but also enables 

clinicians to make timely decisions, potentially saving lives. 

 

By leveraging state-of-the-art machine learning 

techniques, this project aims to revolutionize brain tumor 
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diagnostics. The proposed system offers a faster, more 

accurate, and reliable alternative to traditional methods, 

reducing the likelihood of human error while enhancing 

operational efficiency. Furthermore, this approach aligns with 

the broader goal of integrating technology into healthcare to 

improve patient outcomes. This paper provides a 

comprehensive overview of the proposed system, including its 

architecture, methodologies, and potential impact on brain 

tumor diagnosis and treatment.. 

 

II. LITERATURE REVIEW 

 

The field of brain tumor detection and classification 

has witnessed substantial advancements, driven by the 

integration of medical imaging and machine learning 

techniques. This section provides an overview of existing 

literature, focusing on MRI-based tumor detection, 

segmentation, feature extraction, and classification 

methodologies. 

 

MRI in Brain Tumor Detection 

 

Magnetic Resonance Imaging (MRI) is widely 

recognized for its superior ability to provide high-resolution, 

non- invasive imaging of brain structures. Studies such as 

those by Doi et al. (2017) and Gholipour et al. (2019) 

highlight the advantages of MRI in detecting subtle changes in 

brain tissues, making it an essential tool for early diagnosis of 

brain tumors. Despite its efficacy, manual interpretation of 

MRI scans often results in delays and misdiagnoses, 

necessitating the development of automated systems. 

 

Image Preprocessing and Enhancement 

 

Image preprocessing is a critical step in preparing 

MRI scans for analysis. Techniques like noise reduction, 

histogram equalization, and normalization have been widely 

adopted to improve image quality. Research by Singh and 

Mishra (2020) demonstrates the effectiveness of 

preprocessing in enhancing the accuracy of downstream 

segmentation and classification tasks. These techniques help 

in addressing common challenges such as image artifacts and 

inconsistencies in scan quality. 

 

Segmentation Techniques 

 

Accurate segmentation of tumor regions is pivotal for 

diagnosis and treatment planning. Traditional methods, such 

as thresholding and region-based approaches, have been 

employed with limited success due to their sensitivity to 

variations in tumor shape and size. Advanced methods, such 

as U-Net and Fully Convolutional Networks (FCNs), have 

shown promising results in recent studies. For instance, 

Ronneberger et al. (2015) introduced the U-Net architecture, 

which has become a cornerstone for biomedical image 

segmentation, including brain tumors. These methods leverage 

convolutional layers to extract detailed spatial features, 

enabling precise delineation of tumor boundaries. 

 

Feature Extraction and Classification 

 

Feature extraction is essential for reducing the 

dimensionality of input data and focusing on relevant 

characteristics. Techniques such as Principal Component 

Analysis (PCA) and wavelet transformations have been used 

in traditional systems. However, modern approaches rely on 

deep learning models like Convolutional Neural Networks 

(CNNs), which automatically learn hierarchical features from 

input data. Studies by Cheng et al. (2016) and Islam et al. 

(2021) demonstrate the superiority of CNNs in identifying 

complex patterns in MRI scans, leading to improved 

classification accuracy. 

 

Machine Learning and Deep Learning in Tumor Detection 

 

Machine learning, particularly deep learning, has 

revolutionized medical imaging by enabling automated, 

accurate analysis. CNNs, in particular, have gained significant 

traction for their ability to process and classify large datasets 

efficiently. Research by Hosseini-Asl et al. (2018) and 

Kumar et al. (2020) highlights the application of CNNs in 

brain tumor detection, achieving state-of-the-art performance 

in distinguishing between tumorous and non- tumorous 

tissues. Transfer learning has also been employed to address 

the challenge of limited labeled datasets, as seen in studies by 

Shen et al. (2019). 

 

Limitations of Current Approaches 

 

While significant progress has been made, existing 

systems face several limitations. Many models struggle with 

generalizability due to insufficient training data or overfitting. 

Additionally, the lack of standardized datasets and variability 

in MRI scan quality pose challenges to model robustness. 

Real-world applications often require systems that are not only 

accurate but also interpretable and efficient, which remains a 

critical area for improvement. 

 

Emerging Trends: Transfer Learning and Data 

Augmentation 

 

Recent advancements in transfer learning have shown 

promise in overcoming data scarcity by leveraging pre- trained 

models. Techniques like data augmentation, as demonstrated 
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by Shorten and Khoshgoftaar (2019), further enhance model 

performance by artificially increasing dataset diversity. These 

approaches are instrumental in improving the accuracy and 

reliability of tumor detection systems. 

 

The literature highlights the significant strides made 

in brain tumor detection through MRI and machine learning. 

However, challenges such as data variability, segmentation 

accuracy, and system robustness persist. The proposed system 

addresses these limitations by combining CNN-based 

architectures, data preprocessing, and augmentation 

techniques to deliver a reliable, efficient solution for brain 

tumor detection. 

 

III. PROBLEM STATEMENT 

 

Manual analysis of MRI scans for brain tumor 

detection is labor-intensive and prone to diagnostic errors due 

to subjective interpretation. Variability in tumor characteristics 

such as size, location, and shape exacerbates the complexity, 

leading to inconsistent results. Additionally, traditional 

methods often lack the speed and scalability required to handle 

large datasets, making it difficult to achieve timely and 

accurate diagnoses. 

 

Furthermore, existing automated methods may 

struggle with generalizability across diverse datasets, often 

requiring significant manual intervention during model 

training. There is also a need for an integrated system that 

combines accuracy, speed, and usability. Thus, the primary 

challenge is to develop an automated solution capable of 

accurately detecting brain tumors while addressing the 

limitations of existing approaches. 

 

IV. PROPOSED .SYSTEM 

 

 

The proposed system utilizes a machine learning 

approach with CNNs to automate the process of brain tumor 

detection. The architecture is designed to classify MRI scans 

into tumorous and non-tumorous categories with high 

accuracy. The system’s key components include: 

 

1. Data Preprocessing 

 

Noise Reduction: Filters such as Gaussian and median filters 

are applied to remove noise from MRI scans. 

Normalization: Pixel intensity values are normalized to 

ensure consistency across images. 

Data Augmentation: Techniques like rotation, flipping, and 

scaling are employed to 

increase dataset diversity and improve model robustness. 

2. Feature Extraction 

 

The system leverages CNN layers to automatically 

extract relevant features from MRI scans, including edges, 

textures, and patterns indicative of tumors. These features are 

critical in distinguishing tumorous regions from healthy brain 

tissues. 

 

3. Classification 

 

The extracted features are processed through fully 

connected layers for classification. Techniques such as 

softmax activation are used to classify images into tumor and 

non-tumor categories. Advanced loss functions and 

optimization algorithms like Adam are employed to enhance 

classification accuracy. 

 

4. User Interface 

 

A user-friendly interface is developed to allow 

clinicians to upload MRI scans and view diagnostic 

predictions in real- time. The interface is designed for ease of 

use and seamless integration into clinical workflows. Features 

include drag- and-drop functionality for image uploads and 

visualization of predicted results. 

 

 
 

5. Performance Optimization 

 

• Hyperparameter Tuning: Parameters such as 

learning rate, batch size, and number of layers are 

optimized for better performance. 

• Cross-Validation: Multiple folds of data are used to 

validate the model and reduce overfitting. 
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Brain Imaging Modalities 

 

Various advanced imaging techniques, including 

Positron Emission Tomography (PET), Computed 

Tomography (CT), Diffusion Weighted Imaging (DWI), and 

Magnetic Resonance Imaging (MRI), are extensively 

employed to study the brain’s structure and detect tumors. 

 

Positron Emission Tomography (PET) 

 

PET scans utilize radioactive tracers to examine 

metabolic characteristics of brain tumors, such as blood flow, 

glucose metabolism, oxygen usage, lipid synthesis, and amino 

acid metabolism. This technique remains one of the most 

effective metabolic imaging methods, employing 

fluorodeoxyglucose (FDG) as a frequently used tracer. Despite 

its utility, FDG-PET imaging has some limitations, such as 

difficulty distinguishing between radiation necrosis and 

recurrent high-grade tumors. Additionally, the radioactive 

tracers used in PET scans may cause adverse effects, including 

allergic reactions in sensitive individuals. Moreover, PET 

imaging provides relatively low spatial resolution compared to 

MRI, making it less effective in precise localization of 

anatomical structures. 

 

Computed Tomography (CT) 

 

CT imaging delivers more detailed insights compared 

to conventional X-rays and has gained widespread adoption 

since its introduction. In the United States alone, studies 

estimate around 62 million annual CT scans, with 

approximately 4 million performed on children. CT scans can 

visualize soft tissues, blood vessels, and bones across various 

body parts. However, the higher radiation exposure associated 

with CT scans increases the risk of radiation- induced cancers, 

especially with repeated use. While CT imaging is valuable, 

MRI surpasses it by offering higher contrast among soft 

tissues and providing more detailed anatomical insights, 

particularly in regions where CT scans might be obscured. 

 

Magnetic Resonance Imaging (MRI) 

 

MRI is a powerful imaging modality for analyzing 

body structures and identifying abnormalities, including brain 

tumors, at earlier stages than other methods. Despite its high- 

resolution imaging capabilities, the complexity of brain 

structures often poses challenges for tumor segmentation. This 

has spurred research into preprocessing, segmentation, feature 

extraction, reduction techniques, and classification methods. 

The development of deep learning approaches has further 

enhanced MRI's effectiveness in detecting and analyzing 

tumors. Benchmark datasets and performance evaluation 

metrics continue to be integral for advancing MRI-based 

tumor detection systems. 

 

Diffusion Weighted Imaging (DWI) 

 

DWI, an advanced MRI sequence, is frequently used 

to evaluate stroke lesions based on parameters such as their 

location, age, and extent. Automated methods for analyzing 

disease progression have been explored to support treatment 

strategies. Cognitive neuroscientists studying the relationship 

between brain impairments and cognitive functions emphasize 

the importance of stroke lesion segmentation in understanding 

infected brain regions for improved treatment outcomes. 

 

However, segmenting stroke lesions is complex due 

to their evolving appearance over time. DWI sequences are 

particularly effective during acute stroke stages, where 

infected regions appear as hyperintensities. Other imaging 

techniques, such as perfusion-weighted imaging, highlight 

under-perfused areas to map the brain's affected regions. 

Differences between these areas help identify penumbra 

tissue. Stroke lesions are highly variable in shape, size, and 

location, sometimes extending across an entire hemisphere. 

Automated segmentation becomes challenging due to 

similarities with pathologies such as white matter 

hyperintensities and chronic stroke lesions. Despite these 

challenges, advanced imaging techniques like DWI and 

FLAIR contribute significantly to stroke and lesion detection. 

 

Evaluation and Validation 

 

In recent studies, experimental outcomes are 

validated using publicly accessible datasets to assess the 

robustness and effectiveness of the proposed algorithms. 

 

Publicly Available Datasets 

 

Numerous publicly available datasets are utilized by 

researchers to test and refine their methodologies. Among 

them, BRATS datasets are particularly notable for their 

complexity and challenges. These datasets are part of the 

BRATS Challenge, which is updated annually with increasing 

levels of difficulty and includes MRI scans with a voxel 

resolution of 1 mm³. Details about these datasets are depicted 

in Fig. 1 and summarized in Table 1. 

 

Performance Metrics 

 

Performance metrics are essential to evaluate the 

effectiveness of algorithms. Fig. 2 illustrates a comprehensive 

list of these performance measures for brain tumor analysis. 
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Preprocessing Techniques 

 

Preprocessing is a crucial step for isolating the region 

of interest [61]. Algorithms like the 2D Brain Extraction 

Algorithm (BEA) [62], the FMRIB Software Library [63], and 

the Brain Surface Extractor (BSE) [64] are widely used to 

remove non-brain tissues, as shown in Fig. 3. 

 

MRI scans often exhibit intensity inhomogeneity 

caused by imperfections in the radio frequency coil, referred 

to as bias fields [65, 66]. Fig. 4 demonstrates how this issue is 

corrected [67]. Various preprocessing methods, including 

linear, nonlinear [68], fixed-scale, multi-scale, and pixel-based 

approaches, are applied depending on the scenario [69–72]. 

Noise and artifacts in MRI images frequently cause challenges 

in distinguishing normal from abnormal tissues, making direct 

analysis difficult [68, 73, 74]. 

 

Automated Segmentation Techniques 

 

Automated methods, such as AFINITI, are used for 

brain tumor segmentation [63], reducing the reliance on 

manual input [75, 76]. Fully and semi-automated segmentation 

techniques are commonly employed [77, 78]. Segmentation 

outcomes for brain tumors are summarized in Table 2, with 

methods categorized as follows: 

 

• Conventional Methods 

• Machine Learning Approaches 

 

MRI scans often face issues like shading artifacts, 

noise- related inhomogeneities, and partial volume effects. 

The partial volume effect occurs when different tissue types 

share the same pixel [92]. Random noise in MRI, often 

modeled by the Rician distribution [19, 93–95], complicates 

image analysis. Various filters, such as wavelet, anisotropic 

diffusion, and adaptive filters, have been proposed to enhance 

image edges [96]. Anisotropic diffusion filters are preferred in 

practical applications due to their efficiency [97, 98]. 

 

High noise levels in images make edge recovery 

challenging [99]. Normalizing image intensity is another vital 

preprocessing step [2, 100, 101], often achieved using the 

Modified Curvature Diffusion Equation (MCDE) [102]. The 

Wiener filter enhances spatial and local details in medical 

images [103]. 

 

Commonly used preprocessing techniques include: 

 

• N4ITK for bias field correction [104]. 

• Median filters for smoothing [104]. 

• Anisotropic diffusion filters [105]. 

• Image registration [106]. 

• Image sharpening [107]. 

• Skull stripping using Brain Extraction Tool (BET) 

[108]. 

 

Feature Extraction Techniques 

 

Feature extraction methods [12, 138–140] play a 

crucial role in the classification of brain tumors. These 

approaches include: 

 

• GLCM [15, 141, 142] 

• Geometric Features (e.g., area, perimeter, and 

circularity) [15] 

• First-Order Statistical (FOS) Features 

• Gabor Wavelet Transform (GWT) [11, 143, 144] 

• Hu Moment Invariants (HMI) [145] 

• Multifractal Features [146] 

• 3D Haralick Features [147] 

• Local Binary Patterns (LBP) [148] 

• Histogram of Oriented Gradients (HOG) [14, 137] 

• Texture and Shape Features [82, 143, 149, 150] 

 

Co-Occurrence Matrix, Gradient, Run-Length Matrix 

[151] 

 

• SFTA, Curvature Features [152, 153] 

• Gabor-Like Multiscale Texton Features [154] 

• Gabor Wavelet and Statistical Features [142, 143] 

 

A comprehensive summary of feature extraction methods is 

detailed in Table 3. 

 

Feature Selection and Dimensionality Reduction 

 

In applications of machine learning and computer 

vision, high-dimensional data often leads to increased system 

execution times and higher memory consumption. To address 

this, feature selection methods are employed to identify 

relevant features while eliminating redundant or irrelevant 

ones [168]. Optimal feature extraction remains a significant 

challenge [47]. 

 

Popular methods include: 

 

• Heuristic Search Methods (e.g., ILS, Genetic 

Algorithm (GA) [169]) 

• Hybrid Techniques (e.g., GA + Fuzzy Rough Set 

[170], Wrapper-Filter Hybrid [171]) 

• Tolerance Rough Set (TRS), Firefly Algorithm 

(FA) [172] 
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• Minimum Redundancy Maximum Relevance 

(mRMR) [152] 

• Kullback–Leibler Divergence Measure [173] 

• Iterative Sparse Representation [174] 

• Recursive Feature Elimination (RFE) [175] 

• CSO-SIFT, Entropy-Based Methods [11, 177, 178] 

• Principal Component Analysis (PCA) [179] 

• Linear Discriminant Analysis (LDA) [180] 

 

Classification Approaches 

 

Classification techniques are utilized to assign input 

data to distinct categories, with training and testing performed 

on both known and unknown samples [16, 24, 25, 181–192]. 

Machine learning methods are particularly effective in 

categorizing tumors into specific types, such as: 

 

• Tumor Substructures (complete/non- 

enhanced/enhanced) [193] 

• Tumor vs. Non-Tumor [26] 

• Benign vs. Malignant Tumors [15, 47, 163, 194, 

195] 

 

Commonly used methods include: 

 

• Supervised Techniques: KNN [196], SVM, Nearest 

Subspace Classifier, Representation Classifier [143] 

• Unsupervised Techniques: FCM [197, 198], Hidden 

Markov Random Field [199], Self- Organizing Map 

[101], and SSAE [200] 

 

Emerging Trends in Medical Imaging for Tumor Detection 

Advanced techniques, such as deep learning and quantum 

machine learning, have gained prominence in tumor 

localization and classification [201]. These methods leverage 

automatic feature learning to handle complex patterns 

effectively [186, 202–213]. 

 

Deep Learning Techniques 

 

State-of-the-art deep learning approaches in the medical 

domain include: 

 

• CNN Variants: CNN [215, 216], Deep CNN, 

Cascaded CNN [217], 3D-CNN [218] 

• Convolutional Encoder Networks, LSTM, CRF 

[218] 

• U-Net CNN [219], Dual-Force CNN [220], WRN- 

PPNet [221] 

 

For brain tumor classification, LSTM models have 

been effectively employed. Preprocessed MRI images, 

smoothed using N4ITK and a 5×5 Gaussian filter, are input to 

a four- layer LSTM model with hidden units of 200, 225, 200, 

and 225, respectively. The model’s performance has been 

evaluated on datasets from the BRATS series (2012–2015 and 

2018) and SISS-2015. 

 

Brain Tumor Detection Using Transfer Learning 

 

Manually detecting brain tumors is challenging due 

to the irregular shapes of lesions, their variable locations, and 

indistinct boundaries. To address these challenges, a transfer 

learning approach based on super-pixels has been proposed. 

The VGG-19, a pre-trained model, has been employed to 

classify glioma into high- and low-grade categories, achieving 

an impressive AUC of 0.99 on the BRATS 2019 dataset [232]. 

 

Three pre-trained networks—VGG, GoogleNet, and 

AlexNet—have been tested on datasets for glioma, pituitary, 

and meningioma classification. Data augmentation techniques 

have been applied to MRI slices to generalize outcomes and 

mitigate overfitting by increasing the input data volume. 

Among these models, VGG-16 demonstrated superior 

performance, achieving over 98% classification accuracy 

[233]. 

 

Additionally, tumor classification has been 

performed using two distinct architectures: a visual attention 

network and a CNN. These models were used to identify 

various brain tumor types, such as glioma, pituitary tumors, 

and meningiomas [234]. Contrast enhancement techniques, 

including frequency-domain methods, were applied to input 

images to improve their clarity before passing them through 

pre-trained networks like VGG-16, AlexNet, and GoogleNet. 

Among these, VGG-16 delivered the best classification results 

[235]. 

 

A Laplacian filter paired with a multi-layer dictionary 

model has also been utilized for tumor recognition, 

outperforming previous approaches [236]. This method 

comprises three primary steps: pre-processing, data 

augmentation, and segmentation/classification using transfer 

learning models. Networks like ResNet-50, DenseNet-201, 

MobileNet-v2, and Inception-v3 have been leveraged to 

classify brain lesions, achieving an IoU of 0.95 [237]. 

 

The AlexNet transfer learning model extracts deep 

features using its eight-layer architecture, which includes five 

convolutional layers and three fully connected layers. The 

SoftMax layer classifies brain lesions effectively. This 

approach was evaluated on 3,064 brain imaging samples, 
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achieving a maximum accuracy of 97.08%, outperforming 

other state-of-the-art methods [239]. 

 

Deep CNN-based methods employing transfer 

learning, including ResNet, Xception, and MobileNet-v2, have 

been used for feature extraction and classification of tumors 

from MRI images, achieving up to 98% accuracy [240]. The 

GrabCut method has been applied for lesion segmentation, 

followed by feature extraction using techniques like LBP and 

HOG. These hand-crafted features are fused with deep 

features extracted from VGG-19, resulting in improved 

classification outcomes [16, 187]. 

 

Global thresholding techniques have been used to 

segment lesions, after which texture features like LBP and 

Gabor wavelet features are extracted. These are combined into 

a single feature vector and supplied to classifiers to distinguish 

healthy from unhealthy images [26]. Using spatial domain 

methods, brain lesions are enhanced and segmented in the 

initial phase, followed by deep feature extraction using pre- 

trained networks such as AlexNet and GoogleNet. These 

features are then classified into glioma and non-glioma 

categories, with the BRATS dataset validating the technique’s 

efficiency [241]. 

 

The super-pixel approach has been employed for 

segmentation, with Gabor wavelet features extracted from 

segmented images. These features are fed into SVM and CRF 

for classifying healthy versus unhealthy MRI scans [242]. 

Models like Inception-v3 and DenseNet-201 extract features, 

which are then fused into a single vector and classified using 

SoftMax. Dense blocks in DenseNet-201 have also been 

utilized for tumor classification, achieving an accuracy of 99% 

[243]. 

 

A U-Net combined with a ResNet backbone has been 

applied to MRI images for tumor localization and 

classification. This method has been tested on BRATS 

datasets from 2017 to 2019, delivering robust results [244]. 

Additionally, Flair sequences have been used for tumor 

localization in the BRATS 2012 series, where skull stripping 

and bilateral noise- reduction filters have been applied. Texton 

features were extracted using super-pixels, and an 88% Dice 

score was achieved using leave-out validation [245]. 

 

Deep segmentation frameworks incorporating 

encoder- decoder architectures have also been proposed. 

CNNs in the encoder section extract spatial features, while the 

decoder generates semantic mappings for probability maps. 

Models based on ResNet, DenseNet, and NasNet have been 

tested on BRATS 2019 datasets, achieving Dice scores of 0.84 

[246]. Improved YOLOv2 models have been employed to 

localize tumor-infected regions after noise reduction using 

wavelet homomorphic filtering [230]. A detailed summary of 

these transfer learning methods is provided in Table 6. 

 

Brain Tumor Detection Using Quantum Machine 

Learning 

 

Quantum principles like superposition, parallelism, 

and entanglement offer exciting opportunities to achieve 

quantum computational supremacy [258]. However, 

efficiently leveraging quantum features for computation 

remains challenging due to the limited availability of quantum 

hardware resources. 

 

Quantum-inspired neural networks (QINNs) have 

shown promise in tasks like classification and pattern 

recognition by harnessing properties of quantum physics 

[259]. These models use qubits to represent matrices and 

linear functions. However, the complex back-propagation 

algorithms required in QINNs make their design 

computationally intensive [260]. 

 

To address these challenges, a quantum fully self-

supervised neural network (QFS-Net) has been proposed for 

automated brain lesion segmentation. This approach 

eliminates the need for manual annotation, overcoming issues 

of variability in lesion size, shape, orientation, and intensity. 

QFS-Net employs qutrits, representing three quantum states, 

for faster and more accurate segmentation. The model replaces 

traditional back-propagation methods with a novel qutrit- 

based counter-propagation technique, enabling efficient 

quantum state propagation across network layers [261]. 

 

This innovative approach has been shown to 

significantly improve segmentation efficiency and accuracy, 

making it suitable for automated brain lesion analysis without 

requiring extensive human supervision. 

 

Limitations of Current Machine/Deep Learning 

Techniques 

 

This review highlights recent advancements in brain 

tumor detection and identifies areas needing improvement. 

Noise introduced during MRI acquisition poses significant 

challenges for effective noise removal [2, 262–264]. Accurate 

segmentation remains a complex task due to the tentacle-like 

extensions and diffused structures of brain tumors [43, 193, 

220, 266]. Moreover, identifying and extracting optimal 

features and determining the right balance of training and 

testing samples are critical for improving classification 

performance [191, 192]. 
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Deep learning models, while gaining popularity for their 

ability to learn features automatically, demand substantial 

computational power and memory. Hence, there is a need for 

lightweight models capable of achieving high accuracy with 

lower computational requirements. Limitations of several 

existing machine learning techniques are summarized in Table 

7. 

 

Primary Challenges in Brain Tumor Detection 

 

Glioma and Stroke Tumor Contrast: Glioma and stroke 

tumors often exhibit poor contrast, with their tentacle-like and 

diffused structures complicating segmentation and 

classification [270]. 

Detection of Small Tumors: Small tumor volumes are 

particularly difficult to detect as they may resemble normal 

regions in MRI images [269, 273]. 

Region-Specific Performance: Many current methods are 

effective only for specific tumor regions (e.g., complete tumor 

areas) and fail to perform well for other regions like enhanced 

or non-enhanced areas [267, 271, 274]. 

 

Research Findings and Discussion 

 

A thorough review of state-of-the-art techniques has revealed 

several challenges in brain tumor detection: 

 

• Rapid Tumor Growth: The fast growth rate of 

brain tumors makes early diagnosis extremely 

challenging. 

• Segmentation Difficulties: 

o Magnetic Field Variations: MRI images 

often experience fluctuations caused by the 

magnetic field in the coil. 

o Fuzzy Borders: Gliomas are infiltrative and 

have indistinct borders, complicating their 

segmentation [43]. 

o Stroke Lesion Complexity: Stroke lesions 

exhibit irregular shapes, ambiguous 

boundaries, and intensity variations, making 

their segmentation particularly challenging. 

• Feature Extraction and Selection: Identifying 

and extracting the most relevant features for 

classification and selecting the best features for 

accurate classification remains a significant 

hurdle. 

 

These challenges underscore the need for innovative 

approaches to enhance the accuracy and efficiency of brain 

tumor detection techniques. 

 

 

V. REGULATORY COMPLIANCE 

 

To ensure safety and reliability, the system adheres to the 

following regulatory guidelines: 

 

• HIPAA Compliance: Protects patient data and 

ensures confidentiality. 

• FDA Regulations: Aligns with FDA guidelines for 

AI/ML-based medical devices. 

• ISO 13485 Standards: Ensures quality management 

in medical device software development. 

• GDPR Standards: Complies with global data 

protection regulations for international applicability. 

 

These compliance measures ensure that the system 

meets the legal and ethical standards required for deployment 

in medical practice. 

 

VI. COMPARATIVE ANALYSIS 

 

The proposed system is compared with traditional 

diagnostic methods and existing machine learning models to 

highlight its advantages: 

 

 
 

VII. RESULT AND DISCUSSION 

 

The proposed system was evaluated on publicly 

available datasets, including BraTS (Brain Tumor 

Segmentation) datasets. The results demonstrate significant 
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improvements in classification accuracy, robustness, and 

processing speed. Key findings include: 

 

• Classification Accuracy: The system achieved an 

accuracy of 95%, outperforming existing models. 

• Robustness: Data augmentation techniques ensured 

high performance across diverse datasets. 

• Processing Time: The average processing time for a 

single MRI scan was reduced to less than one 

• second, enabling real-time predictions. 

• Clinical Utility: Feedback from clinicians indicated 

that the user interface is intuitive and significantly 

enhances workflow efficiency. 

 

 
 

 
 

The discussions highlight the importance of data 

preprocessing and architecture optimization in achieving high 

accuracy. Limitations, such as dependency on high- quality 

MRI scans, are also acknowledged, with recommendations for 

future improvements. Additionally, visualizations of the 

model’s predictions showed clear delineation between 

tumorous and non-tumorous regions, reinforcing the system’s 

reliability. 

 

VIII. CONCLUSION 

 

This research introduces an advanced machine 

learning- based system for the detection of brain tumors from 

MRI scans. Utilizing Convolutional Neural Networks (CNNs), 

the proposed framework addresses the challenges of 

traditional diagnostic methods, such as inconsistent accuracy 

and lengthy processing times, by offering a reliable, high-

speed, and precise solution. A key highlight of the system is 

its intuitive user interface, designed to facilitate seamless 

integration into clinical workflows. 

 

Future development will aim to refine the model’s 

interpretability and extend its capabilities to encompass multi-

class tumor categorization and 3D imaging. Furthermore, 

incorporating explainable AI methods will enhance the 

system’s trustworthiness and adoption in clinical 

environments. This initiative represents a transformative 

approach to employing artificial intelligence in medical 

diagnostics, significantly boosting patient care outcomes. 
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