
                                                                                                                     e-ISSN: 2582-5208 

International Research  Journal of  Modernization  in  Engineering Technology and  Science 
( Peer-Reviewed, Open Access, Fully Refereed International Journal )  

Volume:07/Issue:04/April-2025                        Impact Factor- 8.187                             www.irjmets.com                                                                                         

www.irjmets.com                             @International Research Journal of Modernization in Engineering, Technology and Science 

 [4834] 

HYBRID DEEP LEARNING MODEL FOR BRAIN TUMOR DETECTION AND 

CLASSIFICATION USING CNN AND LSTM 

Sowmiya SR*1, Aarthika S*2, Cuba AR*3, Gayatri A*4 

*1Assistant Professor, Department Of Computer Science And Engineering, Dhanalakshmi Srinivasan 

Engineering College (Autonomous), Perambalur, India. 

*2,3,4Students, Department Of Computer Science And Engineering, Dhanalakshmi Srinivasan 

Engineering College (Autonomous), Perambalur, India. 

DOI: https://www.doi.org/10.56726/IRJMETS72883 

ABSTRACT 

Early and accurate detection of brain tumors is essential for timely diagnosis and effective treatment planning. 

This study presents a hybrid deep learning framework combining Convolutional Neural Networks (CNNs) and 

Long Short-Term Memory (LSTM) networks to enhance the identification and classification of brain tumors 

using medical imaging data. The CNN component is employed for automated feature extraction and spatial 

analysis, while the LSTM layer captures temporal dependencies and sequential patterns to improve 

classification accuracy. The proposed model effectively distinguishes between tumor and non-tumor cases and 

accurately classifies tumor types such as glioma, meningioma, and pituitary tumors. Experimental results 

demonstrate high diagnostic performance, achieving an accuracy of 94%, sensitivity of 91%, and specificity of 

93%. Model optimization strategies are applied to reduce false positives and computational overhead. The 

findings highlight the effectiveness of integrating CNN and LSTM architectures for robust brain tumor detection 

and classification. Future work aims to enhance model generalizability and enable real-time deployment in 

clinical environments, contributing to improved patient outcomes through AI-driven diagnostic support. 

Keywords: Brain Tumor, Medical Imaging, Convolutional Neural Networks, Long Short-Term Memory, Tumor 

Detection, Deep Learning, Image Classification. 

I. INTRODUCTION 

Brain tumors are abnormal proliferations of cells within the brain or its surrounding structures. These can be 

broadly categorized into primary tumors, which originate in the brain, and secondary (metastatic) tumors, 

which spread from malignant growths elsewhere in the body. Brain tumors pose significant health risks, often 

impairing critical neurological functions, and may become life-threatening without timely diagnosis and 

intervention. Accurate and early detection is essential for planning effective treatment strategies such as 

surgery, radiation therapy, and chemotherapy, ultimately improving patient prognosis. 

Magnetic Resonance Imaging (MRI) is the most commonly utilized non-invasive technique for brain tumor 

detection due to its superior soft tissue contrast and ability to reveal structural anomalies in the brain. 

However, manual interpretation of MRI scans is time-consuming and heavily reliant on the expertise of 

radiologists. Subtle variations in tumor size, shape, and location can lead to diagnostic discrepancies and 

delayed treatment. 

Recent advances in artificial intelligence (AI), particularly in deep learning, have significantly transformed 

the field of medical image analysis. Among these, Convolutional Neural Networks (CNNs) have shown 

remarkable success in automating the detection and classification of brain tumors, offering improved accuracy 

and faster diagnosis. Techniques such as transfer learning and data augmentation have further enhanced 

CNN performance, enabling models to generalize across varied datasets and imaging conditions. 

To further improve classification performance, especially in capturing complex patterns, hybrid deep learning 

models that integrate CNNs with Long Short-Term Memory (LSTM) networks have been proposed. LSTMs 

are capable of learning temporal dependencies and sequential patterns, which, when combined with the spatial 

learning capabilities of CNNs, result in a more comprehensive feature representation. 

In this study, we propose a CNN–LSTM hybrid model for the automated detection and classification of brain 

tumors from MRI images. Our system is designed to not only distinguish between tumor and non-tumor cases 
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but also to accurately classify tumor types, specifically glioma, meningioma, and pituitary tumors. This 

approach aims to improve diagnostic accuracy, reduce the dependency on manual assessment, and enhance the 

overall efficiency of clinical workflows. 

II. RELEVENT WORK 

Recent research has increasingly focused on automating brain tumor detection using advanced imaging and 

artificial intelligence techniques to overcome the limitations of manual diagnosis. Traditional approaches 

depend heavily on radiologists' expertise, which can be subjective, time-consuming, and prone to error, 

especially when interpreting subtle tumor characteristics in MRI scans. Early machine learning models utilized 

handcrafted features with classifiers such as Support Vector Machines (SVM) and k-Nearest Neighbors (k-NN), 

but these methods lacked adaptability across diverse datasets. The emergence of deep learning, particularly 

Convolutional Neural Networks (CNNs), has significantly improved accuracy by enabling automatic feature 

extraction and classification. Further enhancement has been achieved through hybrid models that combine 

CNNs with Long Short-Term Memory (LSTM) networks, incorporating spatial and sequential information for 

more robust and precise tumor classification in complex imaging scenarios. 

Traditional Methods 

Initial brain tumor detection techniques relied on manual MRI interpretation and traditional machine learning 

algorithms like Support Vector Machines (SVM) and k-Nearest Neighbors (k-NN). These models depended 

on handcrafted features such as texture and intensity, but they lacked the ability to generalize across varied 

tumor shapes and MRI qualities, leading to inconsistent accuracy. 

Convolutional Neural Networks (CNNs) 

With the advancement of deep learning, CNNs became the most effective technique for brain tumor 

classification. CNNs automatically extract spatial features from MRI scans, improving accuracy and reducing 

manual effort. Pre-trained models like VGG16, ResNet50, and EfficientNet have shown strong performance 

when fine-tuned on brain MRI datasets, enabling accurate classification of tumor types such as Meningioma, 

Pituitary, and Glioma. 

Hybrid CNN-LSTM Models 

Hybrid architectures that combine CNNs with Long Short-Term Memory (LSTM) networks leverage both 

spatial and sequential information. This is particularly useful for analyzing MRI slices in sequence, resulting in 

improved tumor classification and detection accuracy in volumetric data. 

Data Augmentation and Transfer Learning 

To address the limited availability of labeled brain MRI images, data augmentation techniques like rotation, 

flipping, and contrast adjustment are applied to increase data diversity. Transfer learning, using models pre- 

trained on datasets like ImageNet, allows the network to adapt learned features to the medical domain, 

reducing training time and enhancing model performance. 

Segmentation and Localization 

Models like U-Net are widely used for tumor segmentation, helping to isolate tumor regions from normal tissue. 

This step improves both the accuracy of classification and provides visual clarity, aiding in precise diagnosis. 

Challenges 

Brain tumor detection using deep learning faces several challenges that affect model performance and clinical 

adoption. One major issue is the variation in MRI image quality and scan protocols across different medical 

centers, which can lead to inconsistent results. Additionally, tumors vary significantly in shape, size, and 

location from patient to patient, making it difficult for models to generalize effectively. Another critical 

challenge is the lack of explainability in AI models, which can hinder trust and acceptance among medical 

professionals. Developing models that are both accurate and interpretable is essential for integrating AI-based 

systems into ral-world clinical workflows. 

III. EXISTING SYSTEM 

The existing systems for brain tumor detection primarily depend on the manual analysis of MRI scans by 

radiologists. In this conventional diagnostic process, medical experts visually inspect the scans to identify 
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abnormalities such as masses, asymmetries, or unusual tissue textures that may indicate a tumor. While this 

approach benefits from the experience of trained professionals, it is often time-consuming, labor-intensive, and 

susceptible to human error. Tumors that are small, complex in shape, or located in hard-to-interpret areas may 

be missed or misclassified, especially under high workloads or limited resources. Some diagnostic systems 

attempt to assist this process using basic machine learning techniques like Support Vector Machines (SVM) or 

k-Nearest Neighbors (k-NN), but these models rely on manually extracted features and struggle with accuracy 

when faced with varying tumor types, imaging quality, and patient differences. Moreover, they are not well- 

suited for real-time analysis or large-scale deployment, limiting their practical effectiveness in clinical 

environments. The reliance on human expertise and the limited capabilities of these systems highlight the 

urgent need for more intelligent, automated solutions that can improve the speed, accuracy, and consistency of 

brain tumor detection. 

Disadvantages 

 Slow and Manual Diagnosis: 

The diagnostic process in conventional systems is heavily dependent on radiologists manually analyzing MRI 

scans. This process is not only time-consuming but also prone to delays, especially in high-volume settings like 

hospitals with heavy patient loads. The reliance on human interpretation introduces significant wait times for 

patients, which can be detrimental in critical cases where timely intervention is required. 

 Scalability Issues: 

As medical imaging technology advances and the volume of MRI scans increases, manual analysis becomes 

increasingly impractical. Traditional methods are limited in their capacity to handle large datasets efficiently, 

hindering the ability of healthcare facilities to scale up their operations. This results in a backlog of cases and a 

higher burden on healthcare professionals, especially in resource-limited settings. 

 Inconsistent Accuracy: 

Conventional diagnostic methods are prone to both false positives and false negatives. False positives can lead 

to unnecessary follow-up tests, procedures, and anxiety for patients, while false negatives may delay diagnosis 

and treatment, potentially worsening patient outcomes. The variability in image quality, patient conditions, and 

radiologist experience contributes to these inconsistencies, undermining the reliability of traditional systems. 

 Limited Pattern Recognition: 

Tumors, particularly in their early stages, often present subtle, low-contrast patterns that can be difficult for 

human eyes to detect. Additionally, complex tumor shapes or locations in hard-to-interpret regions of the brain 

(e.g., near critical structures or in low-resolution images) may go unnoticed. Traditional systems often lack the 

capability to identify such intricate patterns, leading to missed diagnoses. Current methods typically rely 

on manual feature extraction, which limits their ability to recognize diverse patterns that could indicate a 

tumor. 

 Dependence on Human Expertise: 

While radiologists are highly trained professionals, diagnostic outcomes are inherently dependent on their 

individual skills and experience. A less experienced radiologist may miss tumors or misinterpret scan data, 

especially in high-stress or time-sensitive environments. This introduces subjectivity into the diagnosis and 

further emphasizes the need for objective, automated systems that can ensure consistent results across various 

levels of expertise. 

 Inflexibility with Data Variations: 

The heterogeneity of MRI scans, including differences in image acquisition techniques, resolutions, and 

protocols, complicates the diagnostic process. Traditional systems struggle to adapt to variations in data, often 

failing to standardize results or generalize across different patient groups. Variations in tumor morphology 

(e.g., shape, size, and location) between patients also present a significant challenge, as traditional systems may 

not perform well in recognizing diverse forms of tumors across a broad population. 

 High Dependency on Manual Feature Extraction: 

Many conventional systems rely on manually extracted features from MRI scans, such as texture, shape, and 
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intensity. This process can be biased, as feature selection depends on the knowledge and experience of the 

radiologist. Furthermore, this method is susceptible to human error and can miss important features that a 

more advanced machine learning model could capture, leading to suboptimal diagnostic performance. 

IV. PROPOSED SYSTEM 

The proposed brain tumor detection system offers a modern, AI-powered diagnostic solution by implementing 

a hybrid CNN-LSTM deep learning model. The model is designed to automatically detect and classify brain 

tumors from MRI scans, significantly reducing the limitations of manual interpretation. CNNs specialize in 

identifying spatial features like shapes, textures, and edges of tumors, while LSTMs analyze the temporal and 

sequential information between slices of brain scans. This combination helps the model understand not only 

how a tumor looks but also how it progresses across multiple slices—enabling accurate classification and 

segmentation.This system is built with scalability and clinical usability in mind. It includes preprocessing 

techniques to standardize data, an intelligent UI for easy interaction, and mechanisms to learn from user 

feedback. These features ensure the model continues to evolve and improve with real-world use, aiming to 

support healthcare professionals with high-speed, high-accuracy diagnosis while reducing workload and 

improving patient care outcomes. 

Key Components of the Proposed System: 

Data Collection Module 

At the foundation of this system lies a robust and diverse dataset of MRI images, which is crucial for training 

and validating the deep learning model. The dataset includes pre-labeled MRI scans of glioma, meningioma, and 

pituitary tumors. These images are sourced from publicly available medical repositories and anonymized 

hospital archives to ensure data privacy and compliance with ethical standards.To support supervised learning, 

all images are meticulously categorized by tumor type. The dataset is partitioned into training, validation, and 

testing subsets using stratified sampling to preserve class distribution across all subsets. To address the 

common issue of overfitting and to enhance model generalization, data augmentation techniques such as 

horizontal and vertical flipping, random zooming, rotation, and brightness alterations are applied. This not only 

increases dataset size but also simulates real-world variations in medical imaging, resulting in a more resilient 

model. 

Feature Extraction and Preprocessing 

Before images are fed into the model, they undergo advanced preprocessing. This includes resizing to uniform 

dimensions, grayscale conversion, noise reduction using Gaussian blur, and intensity normalization. Important 

features such as tumor edges, textures, and asymmetrical growths are emphasized. The system also uses 

contour mapping and histogram equalization to make hidden patterns more prominent—boosting model 

detection accuracy. 

CNN-LSTM Hybrid Detection Model 

The heart of the proposed system is a hybrid CNN-LSTM model, designed to capitalize on the spatial and 

temporal characteristics of MRI data. The CNN component functions as a powerful spatial feature extractor, 

learning to recognize patterns such as tumor edges, textures, and anomalies within individual MRI slices. 

Multiple convolutional and pooling layers help in capturing hierarchical feature representations.The extracted 

features are then fed into the LSTM component, which is adept at capturing spatial-temporal dependencies 

between consecutive MRI slices. This is especially important in detecting how a tumor evolves across different 

brain layers, enabling the model to infer progression trends and subtle growth patterns. 

The hybrid model is trained using categorical cross-entropy loss and optimized using the Adam optimizer. 

Model performance is evaluated through comprehensive metrics including accuracy, precision, recall, and F1- 

score, ensuring a balanced evaluation of its diagnostic capabilities. 

Real-Time Detection System 

The detection system supports real-time MRI scan uploads through a secure, web-based user interface. Once a 

scan is uploaded, the CNN-LSTM model processes the image slices and highlights suspicious regions using 

bounding boxes and segmentation overlays. The system returns classification results (e.g., "Glioma detected - 

93% confidence") along with visual markers. This speeds up decision-making and supports radiologists in 
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treatment planning.Moreover, the UI allows clinicians to add feedback if the prediction was inaccurate, which is 

stored in a feedback database and used for retraining the model periodically, improving learning over time. 

User Interface for Feedback and Reporting 

A user-friendly interface allows radiologists to interact with the system, review detection results, and provide 

feedback. This feedback is used to iteratively improve the model’s performance. Diagnostic reports include 

annotated images, confidence levels, and trend visualizations to support treatment planning and monitoring 

Advantages of the Proposed System 

 Improved Accuracy: Deep learning with CNN-LSTM enhances classification precision and reduces 

diagnostic errors. 

 Real-Time Detection: Enables fast analysis and immediate results, crucial for early intervention. 

 Enhanced Usability: Designed for ease of use by clinicians, reducing diagnostic workload. 

 Scalability: Capable of handling large datasets, supporting broad implementation in hospitals. 

 Adaptive Learning: Learns from new data and feedback to continuously improve accuracy. 

 Automated Workflow: Minimizes manual effort, accelerating the overall diagnostic process. 

V. SYSTEM DESIGN 

The brain tumor detection system is designed with two distinct phases: the training phase and the testing 

phase, ensuring an efficient workflow for accurate diagnosis. In the training phase, a diverse dataset of brain 

MRI images is collected and preprocessed through steps such as noise reduction using median filtering and 

image resizing to standardize inputs. A hybrid CNN-LSTM model is selected for feature extraction, leveraging 

CNN's spatial analysis capabilities and LSTM's sequential data processing. 

In the testing phase, the system takes new brain MRI images as input from patients. These images undergo 

similar preprocessing to ensure consistency with the training data. Key features are extracted using the hybrid 

CNN-LSTM model, and the features are matched to classify the tumor. The classifier categorizes the condition 

and provides diagnosis details, such as the tumor type and stage. A user-friendly interface allows patients and 

clinicians to access the diagnostic results in real time, making the system practical for clinical use. This 

integration of advanced algorithms and a seamless interface supports accurate and timely brain tumor 

detection. 

 

Fig 5.1: System Architecture 

VI. SOFTWARE TESTING 

Software testing is a fundamental aspect of software engineering that ensures a system functions correctly and 

http://www.irjmets.com/


                                                                                                                     e-ISSN: 2582-5208 

International Research  Journal of  Modernization  in  Engineering Technology and  Science 
( Peer-Reviewed, Open Access, Fully Refereed International Journal )  

Volume:07/Issue:04/April-2025                        Impact Factor- 8.187                             www.irjmets.com                                                                                         

www.irjmets.com                             @International Research Journal of Modernization in Engineering, Technology and Science 

 [4839] 

meets quality expectations. In the context of a brain tumor detection system, testing becomes even more crucial 

because the system's output directly affects medical decisions. The testing process starts from individual 

components like the image preprocessing unit, moves through the machine learning models used for 

classification, and extends to the user interface. Both static testing (like code reviews and documentation 

checks) and dynamic testing (like executing the software with real MRI images) are used to ensure 

comprehensive quality assurance. 

One of the main goals of software testing in this project is to validate the accuracy and robustness of the 

tumor detection algorithm. This involves testing the system with different MRI images, including those with 

variations in tumor size, location, and intensity. Unit testing is used to verify the functionality of modules such 

as image normalization, feature extraction, and classification. Integration testing ensures that these modules 

interact seamlessly. Additionally, functional testing is employed to check if the software behaves as expected in 

real-world clinical scenarios, such as identifying tumors and displaying the results accurately on the UI. 

Another important aspect is performance and reliability testing, especially because medical software must 

operate with high precision and low failure rates. This includes stress testing the model with large volumes of 

MRI scans and evaluating its response time. Regression testing is used after updates to ensure that no existing 

functionality is broken. Furthermore, usability testing helps assess whether radiologists and other healthcare 

professionals can efficiently use the interface without confusion. Altogether, thorough software testing ensures 

the brain tumor detection system is reliable, accurate, and ready for deployment in clinical environments. 

VII. CONCLUSION 

The proposed brain tumor detection system represents a significant advancement in the intersection of 

artificial intelligence and medical imaging. Traditional tumor detection methods rely heavily on manual 

examination of MRI scans by radiologists, which can be time-consuming and prone to human error. This project 

leverages deep learning, specifically Convolutional Neural Networks (CNNs), to automate the detection and 

classification process, offering higher accuracy, real-time performance, and greater consistency. This reduces 

the diagnostic burden on healthcare professionals and enhances early detection and treatment planning. 

By incorporating preprocessing techniques such as noise removal, contrast enhancement, and normalization, 

the system ensures that MRI images are clean and suitable for feature extraction. The use of a deep learning 

model trained on diverse datasets allows the system to detect subtle and complex tumor characteristics that 

may be missed by traditional approaches. Moreover, the model's adaptability and feedback mechanisms enable 

it to learn continuously from new data, improving its performance over time. The system is designed to 

integrate seamlessly into hospital IT infrastructures, offering a user-friendly interface for doctors while 

maintaining secure and efficient data handling. 

In the long term, this brain tumor detection system has the potential to revolutionize diagnostic workflows in 

neurology and radiology. With further enhancements—such as multimodal analysis using CT or PET scans, and 

real-time collaboration with medical teams—the system can evolve into a comprehensive diagnostic assistant. 

Its application could extend beyond tumor detection to include other neurological conditions, paving the way 

for smarter and more precise healthcare delivery. The successful implementation of this system demonstrates 

the power of combining medical knowledge with AI, ultimately contributing to better patient care and clinical 

outcomes. 
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