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Accurate classification of brain tumors using (MRI) Magnetic Resonance Imaging , 

represent as fundemental in the clinical diagnosis and treatment. Nevertheless, the 

wide diversity in a single type of disease and high similarity between the tumors in 

different categories pose considerable challenges for deep learning models due to the 

characteristics of CNNs that are mainly for local features extracted, the necessity of 

reducing these limitations and constraints. This paper discusses an innovative hybrid 

deep learning paradigm in which an image is modeled by means of a vision 

transformer (ViT) and a Bi-directional long-term memory network (BiLSTM), 

resulting in an effective brain tumor classification. The proposed framework based on 

ViT, enabling archeticture to extract high-level features of MRI images, and the 

BiLSTM capturing sequential dependencies in the extracted feature. This hybrid 

architecture enabelling modelling spatial and contextual connection in the medical 

images. From the results, it is evident that the performance of the classification using 

the proposed hybrid approach is better than the traditional deep learning models in 

terms of classification accuracy for all the tumor types, The classification is based on 

ViT–BiLSTM's performance, higher in accuracy, accurate Recall rate and its more 

effective fine-tuning. The proposed model can be used in healthcare settings for 

clinical decision-making regarding brain diseases, and is not just a diagnostic 

application for computer systems. The experimental results achieved accuracy 

92.5%, Recall 92.0% for gliomas, for meningiomas accuracy 91.2% and Recall 

90.7%, brain tumors 93.5% accuracy and 94.0% Recall. 
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I. INTRODUCTION 

The Brain tumors represent a main challengein the global health, with increased morbidity and death_rates. According to 

studies in this field, the number of new cases of brain and nervous system cancer averaged 4.14 cases per 100,000 people annually, in 

addition to a relative prevalence of 35.7% for five years for adults with brain tumors, while the relative survival rate for non-malignant 

tumors in both the brain and nervous system for five years was 91.8%. [1]. Medical image analysis is relied upon for the accurate 

diagnosis of brain tumors of the glial, meningeal and pituitary gland, as the imaging database based on magnetic resonance imaging 

(MRI) is distinguished by its capabilities due to the provision of high-contrast data in soft tissue and imaging of detailed brain anatomy 

[2].  
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In the field of medical radiology, Brain tumor diseases are among the most complex medical challenges, as their diagnosis 

requires high diagnostic accuracy to improve the patient's survival rate.[3]. Despite significant advancements in medical imaging 

techniques, such as magnetic resonance imaging (MRI), the interpretation of these images still relies heavily on the expertise of 

radiologists, making them susceptible to human error and discrepancies between assessors [4]. In recent years, the techniques deep 

learning field have important advantages represented by its ability to mimic the complexity of human brain processing the information, 

deep learning techniques have revolutionized medical image analysis, have ability to learn from massive datasets and extract complex 

patterns [5] Convolutional neural networks (CNNs) have emerged as one of the most widely used models in brain tumor classification 

due to their ability to extract local features from radiographic images [6], However, these models difficulties in handling long-range 

dependencies and adapting to changes in image angles and orientations, which affects the accuracy of their results. In response to these 

challenges, more advanced architectures have emerged, such as Vision Transformers (ViTs) [7], which is initially developed for image 

classification tasks, have shown promising results in medical imaging applications through using technique known as self-attention, that 

enable to simulate of long-range states and global context [8].  

Which rely on the self-attention techniques to capture global connection through image components, without the need for a 

traditional convolutional structure [9]. For accurate diagnosis of cancerous diseases in MRI images, it is essential to identify 

relationships in different regions of the image. This method is extremely useful for medical imaging [10]. This is achieved by dividing 

the image into sections and then processing them in parallel. The self-attention layers in the VIT model have the ability to model 

bilateral interferences in all parts of the image, which in turn leads to the extraction of richer and more comprehensive information [11]. 

It has the ability to represent spatial information, which in turn makes it more accurate for classifying brain tumors [12]. However, 

vision transformer lack the full capability to capture precise temporal and sequential patterns within medical images, especially when 

dealing with 3D data or radial sequences [13]. Therefore, from this research, turned to integrating vision transducers (ViTs) with 

recurrent neural networks (RNNs), particularly bidirectional long-short-term memory (Bi-LSTM) models, which enable forward and 

backward data analysis, thus enhancing the accuracy of recognizing overlapping radial patterns [14]. 

II. LITRITURE REVIEW 

Hybrid ViT Models with Sequential Networks Imtiyaz presented a hybrid model combining ViT and LSTM for classifying 

multigrid brain tumors (glioma, meningioma, pituitary, and non-tumor). ViT extracts spatial features while LSTM captures sequential 

relationships in MRI data. After normalization and data enhancement, the model achieved high accuracy in multigrade classification 

(Multi-grade Brain Tumor Lstm). Classification using VIT, Aly et al [15] also developed the ViT GRU framework for MRI data 

from Egyptian institutions and BraTS. In this framework, ViT extracts spatial features while GRU handles inter-feature dependencies 

and addresses data imbalances, achieving accuracy exceeding 99% with the use of XAI to enhance interpretability . 

 Achieve Pure or Hybrid ViT Models with CNN have been used in several studies, Tummala et al [16], combined several ViT 

models and achieved 98.7% accuracy on three-tiered Figshare data.  

Aloraini et al [17], proposed a hybrid model, Transformer Enhanced CNN (TECNN), where CNN extracts local features while ViT 

captures long-range dependencies, achieving up to 99.1% accuracy on one of the ensembles. 

 Applying Hybrid CNN–LSTM Models did by Mehta and Kundra [18], developed a CNN–LSTM framework on BraTS data to 

exploit spatial features via CNN and intersegmental dependencies via LSTM, achieving 97.8% accuracy and outperforming pure 

CNN models.  

Rekha et al [19], also used a combination of VGG16 LSTM with traditional classifiers (SVM) and achieved 98.76% accuracy when 

VGG16 LSTM was combined with SVM.  

 BiLSTM networks have been primarily used in natural language processing tasks, but they have also been adapted for image 

analysis, Chandrasekaran et al [20], proposed a hybrid framework combining VGG19, BiLSTM, and LightGBM, achieving a test 

accuracy of 97%. These studies suggest that BiLSTM's ability to model contextual dependencies in feature sequences can be highly 

beneficial in classification tasks. 

III. RESEARCH METHODOLOGY 

Aims of this research, seeks to fill the gap in exploring the direct integration of ViT technology and the BiLSTM network by 

using ViT as a primary tool for extracting general spatial features and then using BiLSTM to analyze the sequence of these context-rich 

features. By using this method, we hope for an improved understanding of image data and therefore a wider-reaching classification of 

these. While not extensively explored, this approach has been regarded as a promising research avenue in the context of classification 

tumor in brain, so, in this study a local collection of MRI database for brain tumors was used. The images were downloaded from the 

global Kaggle database, specifically from the dataset titled "Brain Cancer - MRI Dataset." Figure 1, images dataset samples. 
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Figure 1: Magnetic Resonance Imaging (MRI) images of Brain Tumors.  

Source: Authors, (2026). 

III.1 PREPROCESSED FOR IMAGES 

The data was automatically split into three category, using function train test split in the library scikit-learn, as follows: 70% 

for training, 15% for validation, and 15% for testing. An internal validation strategy was implemented during training to monitor the 

model's performance and prevent overfitting, while an independent test group was allocated to provide a final evaluation of the model's 

performance after the training process was completed. Before the images were fed into the model, they underwent a series of pre-

processing steps, including resizing to 224 x 224 pixels, normalizing color values   to the range [0, 1], and applying data augmentation 

techniques during training only, such as horizontal and vertical flipping, random rotation (up to ±20%), zoom in/out (up to ±15%), and 

adjusting contrast and brightness, augumentation technique illustrate on the Figure 2, These procedures aimed to increase sample 

diversity and improve the model's ability to generalize to unfamiliar medical images. 

 

 

 

Figure 2: Augumentation Techniques for Image Brain Tomur.  

Source: Authors, (2026). 

It is worth mentioning, that its deals with various common image formats such as (JPG, PNG, JPEG) and performs automatic 

folder loading without the need for manual modification of the data structure, which provides high flexibility in using different sources 

of medical images, provided that they adhere to the standard naming structure. 

III.2 POPOSED METHODOLOGY 

The Proposed Methodology pass through the following phases:  

Page 528



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.60, p.526-535 June-August, 2026. 

 

 

First phase : Data Preprocessing 

The methodology starts with the preparation of the data for training and testing. The data was stored in a database consisting of 

three main volumes, each volume containing a set of images according to the type of tumor: `the Brain_Glioma`, `the Brain_Menin`, 

and `the Brain_Tumor`. A series of standard operations are applied to all images, namely: 

• Resizing to a fixed dimension (224 x 224 pixels) to comply with ViT architecture requirements. 

• Normalizing color values to the range [0, 1]  dividing by 255, for improving the contrast to enhancing distiguashable image features, 

so that ensure training stability and prevent gradient explosions.   

• Using data augmentation techniques only during the training phase, including horizontal and vertical inversion, random rotation (up 

to 20 degrees), zoom (±15%), and adjusting contrast and brightness, to increase sample diversity and improve the model's ability to 

generalize to unfamiliar data and help to reduce overfitting. 

Second phase: Feature Extraction Using Vision Transformer (ViT) 

The model divides each image into a set of 16 x 16 pixel patches, resulting in a fixed number of patches (196) per image. Each 

patch is then transformed into a fixed- dimensional scalar vector (Projection Dimension = 512) using the Patch Extractor and Patch 

Encoder layers.  Positional embedding’s are then added to each vector to ensure the preservation of spatial information between the 

patches within the image. These vectors are then passed through a series of eight transformer blocks, each containing a multi-head 

attention mechanism, a layer normalization layer, and a multi-layer neural network (MLP) with a 0.2 dropout to prevent over-allocation. 

These processes result in a vector of features with visually significant information, which in turn reflects the anatomical structure of the 

tumor in the image. 

Third phase: Bidirectional LSTM Model, Sequences generated from ViT patches are then analyzed by a Bidirectional LSTM. This 

section includes 2 Bi-LSTM layers, each containing 256 units, and a 0.2 dropout has been applied. This network has the high capacity 

to process sequences either in a forward or backward sense by picking up the sequences of the neighboring patches and enhancing the 

spatial and functional characterization of the tumor. The latter combination of ViT and Bi-LSTM is novel as it brings together ViT’s 

capacity to grasp local and global contexts and Bi-LSTM’s capacity to identify dynamic and sequential patterns that are not readily 

visible from static representation. 

Fourth phase: Building the Final Classification Head The Bi-LSTM output is transformed into a unified representation across a series 

of fully connected layers, including: 

• A first layer with 512 nodes, followed by batch normalization and a 0.2 dropout. 

• A second layer with 256 nodes, followed by batch normalization and a 0.2 dropout. 

• A third layer with 128 nodes, followed by a 0.1 dropout. 

Finally, an exit layer is used containing a number of nodes equal to the number of classes (3), with the Softmax function 

applied to calculate the probability of belonging to each class. 

Both the learning rate and weight of the model were automatically adjusted using a cosine decay scheduling process and the Adam 

optimizer to maintain model stability during training and achieve optimal performance. Figure 3 illustrates the methodology used for 

brain tumor classification. 

 
Figure 3: Flowchart Methodology for imge Brain_Tomur classification based on ViT_BiLSTM. 

Source: Authors, (2026). 
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III.3 EVALUATION METRIC 

The performance of hybrid model evaluated based on the following metric [21]: 

Accuracy represents the proportion of correctly classified samples, including true positive and true negative cases, to the total number 

of samples in the dataset. It is calculated using the following: 

Accuracy= (TP+TN) / (TP + TN + FP + FN)                                                                           (1) 

Positive Precision, also known as positive predictive value, refers to the proportion of truly positive cases among all cases 

classified as positive. It is calculated using the following: 

Precision= TP / (TP + FP)                                                                                              (2) 

Recall (Sensitivity), measures a model's ability to correctly detect positive cases by calculating the ratio of true positives to the 

total number of actual positives. It is calculated using the following: 

Recal TP / (TP + FN)                                                                                                (3) 

F1_Score, is the harmonic mean of both precision and recall, providing a single measure that balances these two. This scale is 

particularly useful in cases where the distribution of classes is uneven. The F1_score is calculated using the following : 

F1_score = 2x ((Precision x Recall) / (Precision + Recall))                                                          (4) 

IV. DISCUSSION AND ANALYSIS OF RESULT 

First: Accuracy and Loss Curve Analysis 

The Figure 4, shown summarizes the performance of  proposed hybrid model (Vision Transformer and BiLSTM) for 

classifying the brain tumors using MRI images, through two main axes: the evolution of accuracy over training epochs, the decrease in 

the error function (Loss over Epochs).  

 

Figure 4: Diagnostic Performance of the ViT-BiLSTM Network for Multi-Class Brain Tumor 

Classification. 

Source: Authors, (2026). 

Gradual and steadily rising from the early stage of training is the accuracy curve for training data, starting about 77 percent and 

rapidly achieving nearly 99 percent in the latter.  The model learns efficiently to recognize complex discriminative patterns in MRI 

images, as well as, the layers of self-attention and their structure. On the other hand, the validation accuracy curve indicates a lower, 

more conservative gradient, up to approximately 94% at the end of training. A small difference found between the training and 

validation accuracy is considered to be statistically reasonable, and the model did not need to show extreme overfitting and 

demonstrated good generalization ability towards non-visual data. The loss curve shows a rapid decrease in training epoch for both 

training and validation data, and then gradually more stable in training after each epoch of the training data. The training error is always 

less than the validation error across the training period, which is the case in a deep model. This continuous decrease in loss values 

indicates a good confirmation of success in the learning process as well as the regularization of the model (Dropout and Batch 

Normalization methods) with regard to reducing overlearning and enhancing model stability. Moreover, the resulting convergence of 

the loss curves in the later stages shows a good tradeoff between learning internal data patterns based on the training set and generalized 

model performance. 

Second: Precision, Recall, F1-Score Analysis by Category 

The radar Figure 5, describes the three main metrics for evaluating the proposed model performance for all brain tumor 

category (Glioma, Meningioma and Brain_Tumor): precision, recall, and F1 score.  
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⚫ Glioma Category   

The model achieved 92.5% accuracy, 92.0% recall, and an F1 value of 92.2%. This demonstrates the balance between 

accuracy and recall achieved by the model in false-positive and false-negative cases, which is important in the clinical diagnosis of 

gliomas due to the similarity of their histological characteristics to those of other tumors. This illustrates the ability of the vision 

converter to detect these subtle spatial features, in conjunction with learning the Bi-LSTM model, which detects correlations in 

important contextual features. 

⚫ Meningioma Category  

Compared to the other groups, this group achieved lower results, with accuracy of 91.2%, recall of 90.7%, and F1 score of 

91.0%. This is due to histological overlap between meningiomas and some benign or low-resolution gliomas. Despite this result, it 

indicates the model's good performance and lack of bias in discriminating for this group, as well as its generalizability even in complex 

diagnoses. 

⚫ Brain Tumor Categories 

The model's accuracy was 93.5%, recall was 94.0%, and F193.7%. This indicates the proposed model's ability to correctly 

classify most cases with a low percentage of incorrect predictions. The results obtained in this category indicate the most distinctive 

morphological characteristics of the tissue. 

 
Figure 5: Radar diagram for model's performance Precision- Recall- F1-Score. 

Source: Authors, (2026). 

 

 

Figure 6: Confusion matrix with row-wise normalization, highlighting the sensitivity (recall) 

for the Glioma, Meningioma, and Tumor classes. 

Source: Authors, (2026). 
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Figure 6, demonstrate Confusion matrix normalization, Glioma, Meningioma and Tumor classes Recall. A quantitative matrix 

characterization shows that this model is robust and consistent in the three categories. In the Glioma category, 138 images were 

correctly identified, with 7 misclassified as Meningioma and 5 as Tumor. In Meningioma, 136 cases were classified as the correct 

category, 11 misclassified as Glioma and 3 as Tumor. In Tumor, 141 of the cases were identified correctly, 5 misclassified as Glioma 

and 4 as Meningioma. These findings suggest that the model can distinguish well between the categories, with very low error rates. The 

spread of most confusion matrix values along the core diagonal suggests that there is excellent classification in all the categories. 

Among these, the most confusion was observed in regard to the Glioma and Meningioma segments, which is of clinical significance 

considering the obvious visual similarity of the histological structures on MRI images for these two tumor types. The results confirm 

that the Hybrid model is also an extremely good approach for brain tumor classification where the confusion matrix is almost as good as 

the actual model and can reach approximately 94% recall. This performance has a fair spread of prediction in all types and further 

increases its credibility with respect to AI-based medical diagnostic use cases. 

 

Brain_Glioma 

 

Brain_Menin 

 

Brain_Tumor 

Figure 7: Attention maps from the Vit_BiLSTM Model on MRI images. 
Source: Authors, (2026). 

Figure 7, show that Attention maps obtained from the Vision Transformer model show that the highest attention values are 

concentrated in specific brain regions that anatomically correspond to tumor locations seen in reference MRI images. A distinct 

concentration of high-intensity attention areas (depicted by warm colors) was noted around the pathological lesions, contrasted by a 

marked decrease in attention values in the surrounding healthy tissue. According to the above findings, the model focuses primarily on 

regions related to classification, avoiding non-lesion-related features. Table.(1), Comparasion proposed methodology with other 

litruture. 
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Table.1: Comparasion FrameWork with Litruture. 

Reference Dataset Model Performance Limintation 

Agrawal et al 

[22] 

DIDA 

handwritten digit 

string dataset 

Decoded-ViT and 

CNN-LSTM 

Character 90.30%, 85.31% 

Word 70.15%, 55.75% 

Limited feature representation 

capacity and lack of attention-based 

global modeling 

Safdar and 

Saadeldin 

[23] 

MedMNIST 

Dataset Family. 
CNN and ViT 84.5% 

• All 

xperiments were conducted on small, 

simplified datasets (MedMNIST).No 

analysis of potential biases in 

attentional areas. 

 

Dayan [24] 

Chest X-ray 

images (COVID-

19) 

CNN and ViT 96.58% 

Unable to achive equilibrium between 

each of accuracy and efficiency can 

lead to information loss through 

division. 

Chen, et al [25] Brain MRI ViT-V-Net 0.726% 
ViT is used only as a spatial encoder 

without temporal contextual analysis. 

Jiang [26] BC5CDR dataset 
CNN, Bidirectional 

LSTM, Transformer 
0.91 and 0.71 

Limitations of generalization on high-

resolution images; lack of explicit 

handling of domain shifts. 

Remya1 et al 

[27] 

TORGO and UA 

Speech 

Hybrid 

CNN-BiLSTM-Transfo

rmer 

98.74% and 99.86% for 

binary dysarthria detection, 

and 95.69% and 97.91% for 

multi-class severity 

Sequential and contextual features. 

ViT handles features only in parallel. 

There is no modeling of the 

correlation between features. 

Lu et al [28] 

de-identified 

discharge 

summary data 

made available 

by Harvard 

University in 

2008 

CNN, Transformer 

encoder, a pretrained 

BERT, RNN , GRU , 

LSTM , Bi-LSTM, 

BERT-Base 

91.3%-94.0% 

Handles medical texts only. 

Not applicable to medical images. 

Does not handle MRIs or brain 

tumors. 

 

OUR 

PROPOSED 

Brain tumor 

(MRI dtatset) 

Hybrid Vit with 

BILSTM 
93.0% 

Integrated spatial-sequential 

representation leads to superior 

performance 

Source: Authors, (2026). 

V. CONCLUSIONS 

The results of the experimental test show that the proposed hybrid approach, based on Vision Transformer (ViT) and 

Bidirectional Long Short-Term Memory Networks (Bi-LSTM), outperformed all other classes of brain tumors by getting better 

classification with respect to brain MRI images. This performance superiority is demonstrated with respect to the high values of 

performance metrics, especially overall accuracy and the mean F1 score across all categories and the balanced error distribution, as 

shown by the confusion matrix. The ambiguity matrix verifies that the majority of the samples were appropriately classified — with the 

most valuable values being aggregated within the main diagonal of the matrix, indicating the accuracy with which the model is able to 

separate and classify a variety of categories. There was only a marginal degree of ambiguity in classification of the glioma and 

meningioma, which is clinically expected because of the structural and histological close relation between these two categories in some 

instances. Conversely, the brain tumor category recorded high correct classification rate, indicating that the model worked effectively 

with the unique structural features in this class. Contrastingly, the accuracy and loss curves over the training and validation stages 

exhibited stability between train and validation. There was a tendency towards increasing validation accuracy with the loss values 

progressively decreasing, with no gap on this data between the training and test.  

This tendency shows the good effect of the regularization model such as Dropout and Batch Normalization in controlling the 

model overfitting as well as generalization. The overall superior performance of the proposed model is attributed to the structural 

integration of the proposed components. Vision Transformers facilitate the learning of global context representations via a multi-headed 

self-attention mechanism, and so modeling long-range dependencies of medical images. Meanwhile, Bi-LSTM layers enhance the 

utilization of these representations by analyzing sequential correlations among features extracted. This way we can gain an even richer 

understanding among complex spatial relationships in MRI images. This integration is important to break out of the drawbacks of 

conventional convolutional techniques which mainly contain only the local features. Compared to the earlier works that applied single-

pattern methods, present findings can be indicative of a striking effect on achieving a trade-off between accuracy and sensitivity for 

various classes. It also supports the possibility of hybrid architectures for brain tumor classification problems, especially when high 

heterogeneity and variability medical data is present. 
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