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99%
	

3264 images: 826 glioma, 822 meningioma, 395 no tumor, 827 pituitary


	
Very high complexity
And  limited dataset and 
 No Multi-Modal Data

	

High Accuracy, 
Detects multiple types of tumors,
Fast training
	



CNN

	

CNN Based Multiclass Brain Tumor Detection Using Medical Imaging

	


98.70%
	MRI 
7026 images  classify gliomas, meningiomas, and pituitary 

	Very high complexity and very large amount of data. Also, high-spec devices must be provided
	
The new models have a high rating of 98.70%, which reduces the error rate
	FTVTs
FTVT-b16
FTVT-b32
FTVT-l16
FTVT-l32

	A fine-tuned vision transformer based enhanced multi-class brain tumor classification using MRI scan imagery


	


99.69%
	MRI
3064 images 
Classify 
Glioma, Meningioma, and Pituitary 
	
high-spec devices must be provided
	
Achieve 99.69% classification accuracy, outperforming other models
	EfficientNet – 07
EfficientNet – B3
	BrainNet: Precision Brain Tumor Classification with Optimized EfficientNet Architecture

		




	98.9%


	


CE-MRI

3064 images: 930 pituitary tumors, 708 meningiomas, 1426 gliomas
	

Focus on specific tumor types based on a single dataset (CE-MRI)
	Significantly improve image quality with increased contrast and reduced noise. High accuracy in tumor classification with fast processing time
	- Module 1: Image Enhancement Technique
Module 2: Tumor Classification
	Optimized Brain Tumor Detection: A Dual-Module Approach for MRI Image Enhancement and Tumor Classification

	





98.95%.
	


Figshare Brain Tumor Dataset :
3064 images: 930 pituitary, 708 meningioma, 1426 glioma
	

Small dataset 
Requires 
and
Focus on binary classification 

	


High Accuracy, 
Low computational cost
	Uses deep learning models (CNNs) with preprocessing, feature extraction from pre-trained models, agglomerative clustering for tumor location, and classification via a head network.
	A deep learning approach for brain tumor classification using MRI images

	98.78%

	3260 T1-weighted contrast-enhanced MRI images (meningioma, glioma, pituitary)
	Requires substantial computational resources and large data 
	High accuracy handles limited datasets well, reduces overfitting
	Dense EfficientNet
	Brain Tumor Classification Using Dense Efficient-Net





RELATED WORK:
1     Brain tumors are the tenth leading cause of death worldwide and with the development of technologies they are being detected faster but difficult to classify. Therefore, the researcher in this research has taken great steps, and the most common and best approach that has been considered the best in this field is CNN. Therefore, CNN is used for the issue of brain tumor classification.
2   As suggested, the above strategies have achieved high accuracy rates in tumor detection. The main objective is to investigate the new models of fine-grained vision transformers (FTVTs) - FTVT-b16, FTVT-b32, FTVT-l16, and FTVT-l32 and compare them with other well-established deep learning models such as ResNet50, MobileNet-V2, and EfficientNet-B0 for classifying brain tumors in a highly detailed and accurate manner. 
3   Early detection is critical to treatment, and achieving speed and accuracy is paramount. In this context, the EfficientNetB3 model stands out, showing exceptional performance. With an accuracy of 99.69%, this model outperforms other contemporary advanced models in analyzing a dataset of 3,064 images. Moreover, its effectiveness has been validated through clinical tests, reinforcing its potential as a reliable tool in early detection 
4    As mentioned, the following strategies were used in the presented research to detect brain cancer tumors: Wiener's adaptive filtering, neural networks, and autonomous networks. Their accuracy was proven to be very high, and the detection speed reached 0.43 seconds, which is a very record time, and their accuracy reached 98.9%, which is very good compared to traditional methods.
5    The author of this paper proposes that brain MRI images are processed to improve image quality. Secondly, we apply two different pre-trained deep learning models to extract robust features from the images. Then, the resulting feature vectors are combined to form a hybrid feature vector using partial least squares (PLS) method. Thirdly, the upper tumor locations are detected by cumulative clustering. Finally, these proposals are aligned to a pre-defined size and then transferred to the head network for classification. A classification accuracy of 98.95% is achieved.
6    Tumor classification is one of the biggest challenges and dilemmas for doctors and patients. This paper mentions that convolutional neural networks (CNNs) are the most widely used machine learning algorithm for visual learning and brain tumor recognition. This study proposed a dense CNN-based EfficientNet network using min-max normalization to classify 3260 T1-weighted contrast-enhanced brain MRI images into four classes (glioma, meningioma, pituitary, and no tumor). The developed network is a variant of EfficientNet with the addition of dense layers and discrete layers. 
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	Methodology
Early tumor diagnosis requires modern medical image classification as an essential healthcare practice. MRI scans now receive substantial attention in brain tumors classification research because they help patients benefit from earlier treatment opportunities. Cancer detection through traditional methods depends extensively on radiation specialist manual analysis but this process takes long durations and contains human error possibilities. The research project develops a sophisticated classification system built upon deep learning models which aims to raise tumors detection accuracy as well as operational efficiency. The study minimizes existing methods' shortcomings by implementing CNN architectures together with transfer learning and hybrid classification systems to enhance both accuracy and dataset and model generalization capabilities. This methodology describes the organized method which reaches these goals through data collection steps that lead to model enhancement and optimization processes.
The research method contains various sequential steps that begin with assembling a dataset followed by data cleaning and feature identification and afterward model selection and training together with performance analysis and benchmark comparisons and future research optimization. The flowchart shows the step-by-step procedure which is featured to explain the entire workflow.
 (
Feature identification
) (
Assembling a dataset
) (
Data cleaning
)

 (
Benchmark comparisons
) (
Training & performance analysis
) (
Model selection
)
 (
Future research optimization.
)

Assembling a dataset
This study utilizes Brain Tumor Segmentation (BraTS) dataset as its main source for MRI scans obtained from public sources. The dataset offers high-resolution MRI images together with tumor type labels which helps deep learning model training and validation processes. Various tumor kind like glioma, meningioma and pituitary tumors appear in the available dataset. The datasets use training, validation and test partitions for conducting reliable model assessments.
Data cleaning
The raw MRI images need pre-processing as a pre-training step to both enhance their quality and maximize accuracy in medical diagnosis. The pre-processing pipeline first works by resizing images for standardized dimensions followed by Gaussian filtering for artefact removal and histogram equalization for contrast enhancement alongside normalization to achieve range scaling (0-1) for stabilized learning combined with data augmentation through transformation methods including rotation and flipping and zooming to enhance data variability and decrease overfitting.
Feature identification
During medical image classification the process of feature extraction remains important in achieving better outcomes. CNNs automatically extract MRI image features by identifying patterns that include tumors boundaries and textures along with edges throughout the images. The pre-trained models VGG16 and ResNet50 enable improved feature extraction while employing transfer learning by drawing from the weights pre-trained on extensive image databases.

Model selection
An evaluation of different deep learning frameworks takes place to identify the optimal structure for detecting brain tumors. The CNN-based and hybrid CNN-SVM models and multimodal deep neural networks participate as different options for spatial feature extraction and classification with SVM or multimodal integration to enhance accuracy (Gupta et al., 2025). The selection process for the final model depends on measurements of accuracy in combination with precision and recall and F1-score metrics.
Training & performance analysis
The selected deep learning model trains on pre-processed MRI images to become operational. The training procedure consists of optimizing performance through learning rate control and batch size modification and optimizer parameter adjustment as well as selecting the categorical cross-entropy loss function for multi-class assignments using the Adam optimizer to achieve efficient weight adjustments through multiple epoch training sessions. The computational acceleration along with efficient large dataset management occurs through implementing this GPU-enabled system technology.
The final model goes through multiple performance metrics evaluation which determines its operational efficiency. The evaluation includes accuracy which measures correct classifications combined with precision which determines positive prediction accuracy together with recall which evaluates tumor detection abilities and the balanced F1-score which combines precision with recall. Visual performance assessments of classification results and model bias detection are accomplished through the use of confusion matrices and ROC curves.


Benchmark comparisons
The model receives testing against current state-of-the-art models to determine its robustness level. The proposed model undergoes performance benchmarking analysis that includes research by several scholars and researchers to validate its competitiveness (Disci, Gurcan, & Soylu (2025). Cross-validation methods assess model consistency while a model works on multiple data partitions in order to reduce the chances of overfitting and under fitting.
Future research optimization
The upcoming development of the model aims to boost generalization capabilities and operational speed. Our model optimization strategy integrates transformer-based architectures for better features from the data while expanding MRI scan variants in the dataset to achieve robustness and implements explainable AI methods to boost radiologist decision support capabilities. The proposed design structure seeks to enhance the advancement of automated brain tumor classification through deep learning technology.
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