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Abstract : Brain stroke is a serious neurological condition that requires quick and accurate diagnosis to reduce the risk of death 

and long-term disability. Computed Tomography (CT) scans are commonly used for stroke detection because they are fast and 

easily available. However, analyzing these images manually can take time and may vary between radiologists. This study presents 

a deep learning–based system for detecting brain stroke using Convolutional Neural Networks (CNN) and Long Short-Term 

Memory (LSTM) models. The CNN model helps in extracting important features from CT images, while the LSTM model 

enhances the classification process. The results show high accuracy and reliability, highlighting the potential of deep learning in 

supporting medical image analysis and improving clinical decision-making 

 

IndexTerms -Brain Stroke Detection, CT Imaging, Deep Learning, CNN, LSTM, Medical Image Analysis, Automated 

Diagnosis. 

 

INTRODUCTION 

Stroke is one of the leading causes of death and long-term disability worldwide, placing a significant burden on individuals and 

healthcare systems [1]. It occurs when the blood supply to the brain is disrupted, leading to rapid damage of brain cells. Since 

stroke treatment is highly time-sensitive, early and accurate diagnosis is essential to reduce complications and improve patient 

outcomes [2]. Computed Tomography (CT) imaging is widely used in emergency settings due to its speed, availability, and cost-

effectiveness [3]. However, manual interpretation of CT scans is time-consuming and depends on the expertise of radiologists, 

often leading to variability in diagnosis, especially in early-stage stroke detection [4]. 

With the rapid growth of medical imaging data, automated diagnostic systems using machine learning and deep learning have 

gained attention [5]. Traditional methods rely on handcrafted features, which limit their ability to capture complex patterns in 

medical images [6], whereas deep learning models can automatically learn meaningful features, improving accuracy and 

reliability [7]. This study proposes a deep learning–based stroke detection system using Convolutional Neural Networks (CNN) 

and Long Short-Term Memory (LSTM) models. The system is trained on a dataset of 2,501 CT images [13], and comparative 

analysis shows that CNN performs better in capturing spatial features, making it more effective for stroke detection and clinical 

decision support 

 

NEED OF THE STUDY. 

Stroke is a major global health concern and one of the leading causes of death and long-term disability, requiring immediate and 

accurate diagnosis for effective treatment. In emergency situations, Computed Tomography (CT) imaging is widely used due to 

its speed and accessibility. However, manual analysis of CT scans is time-consuming, depends heavily on the expertise of 

radiologists, and may lead to variations in interpretation, especially during early-stage stroke detection. 

With the increasing volume of medical imaging data, there is a growing need for automated and reliable diagnostic systems. 

Traditional methods are often limited in their ability to capture complex patterns in medical images. Therefore, developing a 

deep learning–based system capable of accurately detecting stroke from CT images is essential to improve diagnostic 

efficiency, reduce human error, and support faster clinical decision-making. 

3.1 Dataset Description 

 The dataset used in this study consists of 2,501 brain CT images obtained from a publicly available medical repository 

[13]. It includes 1,551 normal images and 950 stroke-affected images, providing a relatively balanced dataset. The images reflect 

real-world clinical variations, enabling the model to learn meaningful and generalized features for stroke detection. 

 

3.2 Data Preprocessing and Preparation  

 All CT images are resized to a fixed input size and normalized to ensure consistency and improve training efficiency. 

Basic preprocessing techniques such as noise reduction and scaling are applied to enhance image quality. The dataset is divided 

into training and validation sets, and data augmentation methods like rotation and flipping are used to improve model robustness. 
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3.3 Theoretical framework 

 The study is based on deep learning models for image classification. CT images are used as input, and the output is 

classified as stroke or non-stroke. A CNN model is used for spatial feature extraction, while an LSTM model is implemented for 

comparison. Model performance is evaluated using metrics such as accuracy, precision, recall, F1-score, and ROC-AUC. 

 

 RESEARCH METHODOLOGY 

 

 The methodology section outlines the overall approach used to develop and evaluate the proposed brain stroke detection system. 

It includes dataset description, data preprocessing, model development, and evaluation techniques. The details are as follows: 

3.1Dataset Description 

 The dataset used in this study consists of 2,501 brain CT images collected from a publicly available medical imaging 

repository [13]. It includes 1,551 normal images and 950 stroke-affected images, providing a relatively balanced distribution. 

The dataset reflects real-world clinical variations, enabling the models to learn meaningful and generalized features for stroke 

detection. 

 

3.2 Data and Sources of Data 

 This study uses secondary data in the form of CT brain images. The dataset is preprocessed by resizing all images to a 

fixed dimension and normalizing pixel values to improve training efficiency. Basic preprocessing techniques such as noise 

reduction and scaling are applied to enhance image quality. The dataset is divided into training and validation sets to ensure 

unbiased model evaluation. 

 

3.3 Theoretical framework 

 The theoretical framework of this study is built on the application of deep learning techniques for automated brain stroke 

detection using Computed Tomography (CT) images. Stroke is a serious neurological condition that requires early and accurate 

diagnosis to reduce mortality and long-term disability [4], [5]. However, manual interpretation of CT images is often time-

consuming and dependent on expert knowledge, which can lead to variability in diagnosis. Recent advancements in machine 

learning and artificial intelligence have enabled the development of automated systems that improve diagnostic efficiency and 

accuracy [6], [7]. 

In this study, stroke detection is formulated as a binary classification problem, where CT images are classified into normal and 

stroke-affected categories. Traditional machine learning approaches have been widely used for medical prediction tasks, but they 

rely on handcrafted features, limiting their ability to capture complex patterns in medical images [18], [21]. Deep learning models, 

on the other hand, automatically learn hierarchical representations from raw data, making them more effective for high-

dimensional image analysis tasks [8], [9]. 

The Convolutional Neural Network (CNN) is used as the primary model due to its strong capability in extracting spatial and 

structural features from CT images. CNN architectures consist of convolutional layers that detect important patterns such as edges 

and textures, followed by pooling layers that reduce dimensionality while preserving key information. These models have shown 

significant success in medical imaging applications, including stroke detection and intracranial hemorrhage classification [15], 

[17]. Their ability to learn discriminative features directly from images makes them highly suitable for clinical decision support 

systems. 

In addition to CNN, a Long Short-Term Memory (LSTM) model is implemented for comparative analysis. LSTM is a type of 

recurrent neural network designed to capture sequential dependencies in data. Although primarily used for time-series 

applications, LSTM models have been explored in healthcare analytics and predictive modeling tasks [13], [23]. In this study, 

LSTM is applied to analyze patterns derived from image features, allowing a comparison between spatial learning (CNN) and 

sequential learning approaches. 

The models are trained using supervised learning with labeled CT images obtained from a publicly available dataset [20]. During 

training, optimization techniques are applied to minimize classification error and improve performance. The effectiveness of the 

models is evaluated using standard performance metrics such as accuracy, precision, recall, F1-score, and ROC-AUC, which are 

commonly used in medical image analysis and diagnostic studies [22], [24]. 

Overall, this theoretical framework integrates deep learning methodologies with medical imaging to develop an efficient and 

scalable stroke detection system. By leveraging the strengths of CNN in spatial feature extraction and comparing it with LSTM-

based approaches, the study aims to identify the most reliable model for accurate and real-time stroke diagnosis. The framework 

is further supported by recent research demonstrating the effectiveness of deep learning in healthcare and neuroimaging 

applications [2], [25]. 

 

3.4Statistical tools and econometric models 

 This section describes the statistical methods and evaluation techniques used to assess the performance of the proposed 

brain stroke detection system. The methodology focuses on data analysis, model training, and performance evaluation to derive 
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meaningful and reliable conclusions from CT image data. Deep learning-based evaluation approaches are widely adopted in 

medical imaging due to their effectiveness in handling complex datasets [8], [9]. 

3.4.1 Descriptive Statistics 

 Descriptive statistics are used to summarize the dataset and understand its characteristics before model training. 

Measures such as mean, standard deviation, minimum, and maximum values help analyze the distribution of pixel intensities and 

dataset balance. Understanding data distribution is important for improving model learning and reducing bias. 

Normalization techniques are applied to ensure consistent input values, which improves convergence during training. Proper 

preprocessing and data distribution are essential for achieving robust performance in medical image analysis tasks [10], [17]. 

 

3.4.2 Model Training and Learning Process  

 The proposed system utilizes supervised learning techniques to train deep learning models on labeled CT brain images 

for accurate stroke detection. The dataset is systematically divided into training and validation sets to ensure reliable performance 

evaluation and to minimize the risk of overfitting. During the training phase, the models learn to identify complex patterns and 

distinguishing features associated with stroke conditions by optimizing a loss function using advanced algorithms such as Adam. 

This iterative optimization process enables the models to progressively improve their ability to differentiate between normal and 

stroke-affected images. 

The learning process is conducted over multiple epochs, allowing the models to refine their internal feature representations and 

enhance predictive performance with each iteration. Techniques such as batch processing and regularization further contribute to 

model stability and generalization. Deep learning–based training strategies have been extensively adopted in healthcare 

applications due to their ability to automatically learn hierarchical features and deliver high diagnostic accuracy [11], [16]. As a 

result, the proposed system effectively leverages these capabilities to provide reliable and efficient stroke detection from CT 

images, supporting timely clinical decision-making 

, 1993). 

 According to Richardson and smith(1993) to make the model more effective and efficient the selection criteria for the 

shares in the period are: Shares with no missing values in the period, Shares with adjusted R2 < 0 or F significant (p-value) >0.05of 

the first pass regression of the excess returns on the market risk premium are excluded. And Shares are grouped by alphabetic 

order into group of 30 individual securities.  

 

3.4.2.1 CNN Model 

The Convolutional Neural Network (CNN) is implemented as the primary model for stroke detection due to its strong capability 

in extracting spatial features from CT images. CNN architectures use convolutional layers to capture important patterns such as 

edges, textures, and structural variations. Pooling layers reduce dimensionality while preserving essential features. 

CNN-based approaches have shown high effectiveness in medical imaging tasks, particularly in detecting brain abnormalities 

and stroke-related patterns [15], [17]. This makes CNN highly suitable for automated clinical decision support systems. 

 

3.4.2.2 LSTM Model 

A Long Short-Term Memory (LSTM) model is implemented for comparative analysis. LSTM networks are designed to capture 

sequential dependencies in data and have been widely used in predictive modeling and healthcare analytics [13], [23]. 

In this study, LSTM is applied to analyze image-derived features. However, due to its sequential nature, it is less effective in 

capturing spatial relationships in CT images compared to CNN, resulting in slightly lower performance 

3.4.3 Performance Evaluation Metrics 

 TheThe performance of the models is evaluated using widely accepted classification metrics, including accuracy, 

precision, recall, F1-score, and Receiver Operating Characteristic (ROC) curve with Area Under the Curve (AUC). These metrics 

provide a comprehensive evaluation of model effectiveness in medical diagnosis. 

Such evaluation techniques are commonly used in deep learning-based healthcare systems to ensure reliability and robustness in 

classification tasks [22], [24]. 

 

3.4.4 Model Comparison 

 A comparative analysis is performed between CNN and LSTM models to determine the most effective approach for 

stroke detection. The CNN model achieves higher validation accuracy and better generalization, while the LSTM model shows 

slightly lower performance. 

Recent studies have also highlighted that CNN-based models outperform other approaches in medical image classification due to 

their ability to extract spatial features efficiently [9], [25]. This comparison confirms that CNN is more suitable for CT image-

based stroke detection. 
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IV. RESULTS AND DISCUSSION 

  

4.1 Results of Model Performance 

yThe experimental results demonstrate that the proposed system achieves high accuracy in detecting stroke from CT images. The 

CNN model achieves 99% training accuracy and 98% validation accuracy, while the LSTM model achieves 99% training 

accuracy and 95% validation accuracy. 

The evaluation metrics indicate that the CNN model provides balanced and reliable classification results with high precision and 

recall. ROC-AUC analysis further confirms strong classification performance, which is essential for medical diagnosis. 

These results align with recent research that emphasizes the effectiveness of deep learning techniques, particularly CNN, in 

medical image analysis and stroke detection [15], [21]. The findings confirm that CNN outperforms LSTM in capturing spatial 

features, making it more suitable for this application. 
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