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Abstract - Ischemic stroke, a leading cause of disability and
mortality worldwide, demands swift and accurate diagnosis for
effective treatment. Magnetic Resonance Imaging (MRI) is pivotal
in diagnosing ischemic strokes due to its high-resolution depiction
of brain tissue abnormalities. Leveraging the capabilities of
Convolutional Neural Networks (CNNSs), this study proposes a
novel approach for ischemic stroke identification in MRI brain
images.

The proposed method involves pre-processing MRI scans to
enhance image quality and extract relevant features. Subsequently, a
CNN classifier is trained on a dataset comprising a diverse range of
ischemic stroke patterns. The CNN model learns to distinguish
between normal brain tissue and regions affected by ischemic
strokes by capturing subtle image features indicative of stroke
pathology.

Experimental evaluation demonstrates the effectiveness of the
proposed CNN-based approach in accurately identifying ischemic
strokes from MRI brain images. The model achieves high accuracy,
sensitivity, and specificity in stroke detection, surpassing existing
methods. Moreover, the proposed method exhibits robustness across
different MRI scanners and imaging protocols, highlighting its
potential for clinical deployment.

This research contributes to the advancement of automated ischemic
stroke detection, facilitating prompt diagnosis and timely
intervention. The proposed CNN-based approach holds promise for
enhancing stroke management strategies, leading to improved
patient outcomes and reduced healthcare burden. Further refinement
and validation of the model in real-world clinical settings are
warranted to realize its full potential in routine ischemic stroke
diagnosis

Keywords— Ischemic stroke, MRI (Magnetic Resonance
Imaging), CNN (Convolutional Neural Network), Ischemic
brain lesion, Stroke diagnosis, Medical image analysis,
Neuroimaging, Deep learning

I. INTRODUCTION
Ischemic stroke poses a significant health challenge globally,

accounting for a substantial proportion of morbidity and
mortality. Prompt and accurate diagnosis is crucial for

Initiating timely interventions to mitigate the potentially
devastating consequences of this cerebrovascular event.
Magnetic Resonance Imaging (MRI) has emerged as a pivotal
tool in diagnosing ischemic strokes due to its superior ability
to visualize brain tissue abnormalities with high spatial
resolution and soft tissue contrast.

Traditional methods for ischemic stroke identification in MRI
brain images often rely on manual interpretation by
experienced radiologists, which is time-consuming and subject
to interobserver variability. Moreover, the increasing demand
for efficient and accurate stroke diagnosis necessitates the
development of automated and reliable diagnostic tools. In this
context, Convolutional Neural Networks (CNNs) have
garnered considerable attention for their remarkable
performance in various image recognition tasks, including
medical image analysis.

The proposed research aims to leverage the capabilities of
CNNs for the automated identification of ischemic strokes in
MRI brain images. By employing deep learning techniques, the
study seeks to develop a neural network-based approach
capable of accurately detecting ischemic stroke pathology in a
timely manner.

The methodology involves several key steps, beginning with
the pre-processing of MRI brain images to enhance image
quality and remove artifacts that may confound the diagnostic
process. Subsequently, relevant features indicative of ischemic
stroke pathology are extracted from the pre-processed images
to facilitate the training of the CNN classifier. The CNN model
is trained on a diverse dataset comprising MRI scans depicting
various patterns of ischemic stroke pathology, allowing it to
learn discriminative features associated with stroke lesions.

The effectiveness of the proposed CNN-based approach is
evaluated through extensive experimentation, including
performance assessments on independent test datasets and
comparisons with existing diagnostic methods. The study aims
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to demonstrate the superiority of the CNN-based approach in
terms of accuracy, sensitivity, and specificity for ischemic
stroke identification in MRI brain images.

Overall, this research holds promise for advancing the field of
automated stroke diagnosis, enabling clinicians to make more
informed decisions and ultimately improving patient outcomes

PRASATH AND DAS [5], in their study, delved into
automated stroke detection from brain CT images using shape-
based features. Their research underscores the importance of
geometric and morphological attributes in accurately
identifying stroke-related abnormalities, offering valuable
insights for the development of robust automated diagnostic
tools in medical imaging and healthcare informatics.

in the management of ischemic strokes. These studies collectively contribute to advancing stroke

diagnosis by exploring diverse methodologies, ranging from
classifier selection and lesion segmentation enhancement to
leveraging alternative modalities such as EEG signals and
shape-based features. Such multidimensional approaches hold
promise for improving stroke diagnosis and patient care
outcomes.

Ischemic stroke vs. Hemorrhagic stroke

Ill. PROPOSED SYSTEM

A. System architecture —

Hemorrhagic stroke:

Ischemic stroke:

Blood clot blocks
blood flow to part
of the brain

Artery ruptures,
causing bleeding
around the brain

MRI Image

Scale Image

,4 Intensity

healthline
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researchers have explored various approaches to improve the
accuracy and efficiency of detection methods. MD.SHABUJ
HOSSAIN, SUBIR SAHA, LITON CHANDRA PAUL,
REZAUL AZIM, and ABDULLA AL SUMAN [1]
investigated the application of logistic regression as a classifier
for detecting ischemic brain strokes in MRI images. Their
study underscores the significance of employing interpretable
classifiers in medical imaging to facilitate early diagnosis and
treatment planning.

MAHSA KHORRAMPANAH, ALI AMANI, AND
MARYAM YOUSEFIAN [2] contributed to the field by
focusing on enhancing the efficiency of lesion segmentation
tools in detecting brain lesions in stroke patients. Efficient
segmentation is crucial for accurate diagnosis and subsequent
patient care planning.

YOUSIF ABDALLAH [3] explored the use of marker-based
algorithms for segmenting brain stroke lesions in CT images,
recognizing the pivotal role of algorithm selection in achieving
precise lesion segmentation, a cornerstone of stroke diagnosis.

In a different approach, PINANSHU GARG, PRATEEK
KUMAR, KSHITIJ SHAKYA, DHEERAJ KHURANA,
AND SHUBHAJIT ROY [4] investigated the use of EEG
signals for brain stroke detection. EEG provides unique
insights into brain activity and can complement image-based
techniques, especially in scenarios where such techniques
encounter limitations.

L

Detect Brain Stroke

Output

Result

Fig.2 System Architecture Diagram

The system architecture proposed for Neural Network-Based
Ischemic Stroke Identification in MRI Brain Images comprises
several interconnected components designed to effectively
process MRI images and classify them into ischemic stroke or
non-stroke categories using Convolutional Neural Networks
(CNNs).

Input Data Acquisition: The system begins with the acquisition
of MRI brain images, which serve as input data for the stroke
identification process. These images are typically obtained
through standard medical imaging protocols and may vary in
resolution and quality.

Pre-processing Module: The acquired MRI images undergo
pre-processing to enhance image quality and remove noise,
artifacts, and irrelevant information that could hinder accurate
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stroke identification. Pre-processing techniques may include
noise reduction, intensity normalization, and image
registration to align images from different patients or imaging
sessions.

Feature Extraction: Following pre-processing, relevant
features are extracted from the MRI images to represent
important characteristics associated with ischemic stroke
pathology. Feature extraction techniques may involve
extracting texture, shape, and intensity-based features using
methods such as wavelet transforms, histogram-based
descriptors, or deep feature extraction through pre-trained
CNN models.

Convolutional Neural Network (CNN) Classifier: The core
component of the system architecture is the CNN classifier,
which is trained to classify MRI images into ischemic stroke
or non-stroke categories based on the extracted features. The
CNN architecture consists of multiple layers, including
convolutional layers for feature extraction, pooling layers for
spatial down sampling, and fully connected layers for
classification. Transfer learning techniques may be employed
to leverage pre-trained CNN models or fine-tune CNN
architectures specifically for stroke identification.

Training and Validation: The CNN classifier is trained using
a labelled dataset of MRI images annotated with ischemic
stroke labels. The training process involves optimizing the
network parameters using backpropagation and gradient
descent algorithms to minimize classification errors. Model
performance is evaluated using validation datasets to ensure
generalization to unseen data and prevent overfitting.

Post-processing and Decision Making: Once the CNN
classifier generates predictions for input MRI images, post-
processing techniques may be applied to refine the results and
improve diagnostic accuracy. Post-processing steps may
include thresholding, morphological operations, or statistical
analysis to refine stroke segmentation or incorporate
additional clinical information for decision making.

Output Visualization and Reporting: The final step involves
visualizing the classification results and generating reports
summarizing the findings. Visualization tools may display
segmented stroke regions overlaid on original MRI images,
along with quantitative metrics such as sensitivity, specificity,
and accuracy. Reports may include diagnostic
recommendations based on the CNN classifier's predictions,
aiding clinicians in treatment planning and patient
management.

Overall, the proposed system architecture integrates image
pre-processing, feature extraction, CNN classification, and
post-processing techniques to enable accurate and automated
ischemic stroke identification in MRI brain images. This
architecture holds promise for improving stroke diagnosis

efficiency, facilitating timely interventions, and ultimately
enhancing patient outcomes in clinical practice.

Brain_Stroke_MRI_Image
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Select_Image
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Exit

Fig.3 User Interface Of Proposed System

B. Existing System -

The existing system for brain stroke detection utilizes logistic
regression as a classification technique in the context of Neural
Network-Based Ischemic Stroke Identification in MRI Brain
Images. Logistic regression is a statistical method commonly
used for binary classification tasks. In this system, logistic
regression is applied to MRI brain images to detect the
presence of ischemic strokes. The algorithm learns a linear
decision boundary between stroke and non-stroke images
based on extracted features. However, logistic regression may
have limitations in capturing complex relationships and subtle
patterns in MRI images compared to more advanced
techniques like neural networks. Despite its simplicity, logistic
regression serves as a baseline model for stroke detection in
MRI images and provides insights into the feasibility of using
interpretable classifiers in medical imaging applications.

IV. METHODOLOGY AND ALGORITHMS

In the paper focusing on Neural Network-Based Ischemic
Stroke Identification in MRI Brain Images, a variety of
algorithms are employed to facilitate accurate classification of
MRI images into ischemic stroke and non-stroke categories.
These algorithms play crucial roles in pre-processing, feature
extraction, and classification stages, ultimately contributing to
the development of an effective diagnostic tool for identifying
ischemic strokes. Let's explore these algorithms in detail:

A. Image Pre-processing Algorithms:

Image pre-processing is essential to enhance the quality of
MRI images and remove noise or artifacts that could affect the
accuracy of stroke identification. Common pre-processing
Algorithms include:

Gaussian Smoothing: This algorithm applies a Gaussian filter
to MRI images to reduce noise and blur sharp edges,
improving image quality.

Intensity Normalization: Intensity normalization techniques

[JCRT2404768

International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g708


http://www.ijcrt.org/

www.ijcrt.org

© 2024 1IJCRT | Volume 12, Issue 4 April 2024 | ISSN: 2320-2882

Adjust pixel intensities across MRI images to ensure consistent
brightness and contrast, making images more suitable for
quantitative analysis.

Image Registration: Image registration algorithms align MRI
images from different patients or imaging sessions to a
common coordinate system, enabling accurate comparison and
analysis.

B. Feature Extraction Algorithms:

Feature extraction algorithms play a crucial role in identifying
discriminative features from MRI images that are indicative of
ischemic strokes. Various techniques are used for feature
extraction, including:

Wavelet Transform: Wavelet transform decomposes MRI
images into different frequency bands, capturing both fine and
coarse details relevant to stroke pathology.

Texture Analysis: Texture analysis algorithms quantify spatial
arrangements of pixel intensities in MRI images, providing
insights into tissue homogeneity and structural patterns
associated with strokes.

Deep Feature Extraction: Deep learning techniques, such as
Convolutional Neural Networks (CNNSs), automatically
extract hierarchical features from MRI images through
convolutional layers, capturing complex patterns indicative of
ischemic strokes.

C. Convolutional Neural Network (CNN) Algorithm:

CNN s are a class of deep learning algorithms widely used for
image classification tasks, including ischemic stroke
identification in MRI images. Key components of CNNs
include:

Convolutional Layers: Convolutional layers apply learnable
filters to input MRI images, extracting spatial features such as
edges and textures that are crucial for stroke identification.

Pooling Layers: Pooling layers down sample feature maps
produced by convolutional layers, reducing spatial dimensions
while preserving important features.

Activation Functions: Activation functions introduce non-
linearity into the network, enabling CNNs to model complex
relationships between input features and output labels.

Loss Functions: Loss functions quantify the difference
between predicted and ground truth labels during training,
guiding the optimization process to minimize classification
errors.

are saving your model as an HOFS file via “model.save()’. This file format is considered legacy. Wie recommend using
instead the native Keras format, e.g. “model.save('my_model.keras')’.

saving_api.save_model(
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Model Training Completed..
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Execution Time: 2.638e+03 seconds

Fig.4 Accuracy of CNN Proposed System

D. Support Vector Machine (SVM) Algorithm:

In the context of Neural Network-Based Ischemic Stroke
Identification in MRI Brain Images, the Support Vector
Machine (SVM) algorithm serves as a valuable tool for
classification. SVM works by finding the optimal hyperplane
that separates MRI images depicting ischemic strokes from
those without strokes in a high-dimensional feature space. This
separation is achieved by maximizing the margin between the
two classes, ensuring robust performance in distinguishing
between stroke and non-stroke images. SVM's ability to
handle high-dimensional data and its effectiveness in binary
classification make it a suitable algorithm for identifying
ischemic strokes in MRI brain images with precision.

By integrating these algorithms into a comprehensive
framework, the proposed approach enables accurate
identification of ischemic strokes in MRI brain images,
facilitating timely medical interventions and improving patient
outcomes. The combination of pre-processing, feature
extraction, and CNN-based classification techniques offers a
robust and efficient solution for stroke diagnosis in clinical
practice.

Python 3.8.18 (default, Sep 11 2023, 13:39:12) [MSC v.1916 64 bit (AMD64)]
Type "copyright", "credits" or "license" for more information.

IPython 8.12.2 -- An enhanced Interactive Python.
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wd 023 FOLDERS/23C9 Brain S e Brain §
(:\ProgranData\anaconda\envs\project\1ib\site-packages \paraniko\transport.py:
Blowfish has been deprecated

"class": algorithms.Blowfish,

INFO] training model 1 of 5...

INFO] training model 2 of 5...

[

[

[INFO] training model 3 of 5...

[INFO] training model 4 of 5...

[INFO] training model 5 of 5...

SWM Accuracy: 87.47%
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Fig.5 Accuracy of SVM Algorithm for Proposed System

V.FEATURES AND ANALYSIS

Analysis of Neural Network-Based Ischemic Stroke

Identification in MRI Brain Images:

Efficacy of Neural Networks: Neural networks, particularly
convolutional neural networks (CNNs), have demonstrated
remarkable efficacy in identifying ischemic strokes in MRI
brain images. Their ability to automatically extract
discriminative features from raw image data enables accurate
classification, surpassing traditional machine learning
approaches.

Feature Extraction: The research paper emphasizes the
importance of feature extraction in stroke identification.
Various techniques, including intensity-based, texture-based,
shape-based, and deep learning features, are explored to
capture diverse aspects of stroke pathology visible in MRI
images.
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Deep Learning Advantages: Deep learning techniques, such as
CNNs, offer significant advantages over traditional methods.
They can learn complex hierarchical representations directly
from MRI images, eliminating the need for handcrafted
features and potentially improving diagnostic accuracy.

Select_Image
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Train Model

Image Testing Completed..
Selected Image is Normal(Brain Stroke Not Detected)
Execution Time: 7.059 seconds
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Exit

Fig.6 Output of Proposed System as Normal Image Detect

Interpretability vs. Performance: The paper discusses the
trade-off between model interpretability and performance.
While logistic regression and support vector machines offer
interpretability, CNNs provide superior performance but lack
interpretability due to their black-box nature.

Validation and Generalization: Validation techniques, such as
cross-validation and independent test datasets, are crucial for
assessing the generalization capability of neural network
models. The paper highlights the importance of robust
validation to ensure reliable performance across diverse MRI
datasets.

Clinical Relevance: The analysis underscores the clinical
relevance of neural network-based stroke identification in
MRI images. Accurate and timely identification of ischemic
strokes can facilitate prompt treatment decisions, leading to
improved patient outcomes and reduced healthcare burden.

Select_lmage

Image Testing Completed..
Selected Image is Acute Ischemic Stroke
Execution Time: 0.149 seconds

SVM_Prediction

Dr_Recommesdation

Fig.6 Output of Proposed System as Ischemic Stroke Image
Detect

Limitations and Challenges: Despite their effectiveness,
neural network-based approaches may face challenges related

to dataset heterogeneity, model interpretability, and
computational resources. Addressing these challenges is
essential for the successful translation of research findings into
clinical practice.

Future Directions: The paper discusses potential future
directions, including the integration of multimodal imaging
data, development of interpretable deep learning models, and
validation in real-world clinical settings. These directions aim
to enhance the reliability and applicability of neural network-
based stroke identification systems.

Ethical Considerations: Ethical considerations related to
patient privacy, data security, and algorithm bias are also
analysed. Ensuring ethical practices in data collection, model
development, and deployment is essential to maintain trust and
accountability in medical imaging research.

VI. CONCLUSION

In conclusion, the utilization of neural network-based
approaches for ischemic stroke identification in MRI brain
images presents a promising avenue for improving diagnostic
accuracy and patient outcomes. Through the employment of
convolutional neural networks (CNNs) and advanced feature
extraction techniques, these models demonstrate superior
performance in automated stroke detection compared to
traditional methods. Despite challenges such as dataset
heterogeneity and model interpretability, ongoing research
efforts aim to address these limitations and further enhance the
efficacy of neural network-based identification systems. The
findings underscore the significance of integrating cutting-
edge technologies into clinical practice, facilitating timely
interventions and personalized treatment strategies for stroke
patients. As advancements continue to evolve in the field of
medical imaging and neural network methodologies, the
potential for neural network-based ischemic stroke
identification to revolutionize stroke management and
enhance patient care remains promising. Thus, further research
and validation in real-world clinical settings are warranted to
harness the full potential of these innovative approaches and
translate them into meaningful improvements in healthcare
delivery.

VIl. FUTURE WORK

Future work in Neural Network-Based Ischemic Stroke
Identification in MRI Brain Images could focus on several
areas to enhance the effectiveness and applicability of the
approach. Firstly, there is a need to conduct longitudinal
studies to track changes in stroke pathology over time using
neural network-based methods, providing insights into disease
progression and treatment effectiveness. Additionally, efforts
can be directed towards developing real-time detection
systems that can immediately identify ischemic strokes during
MRI scans, reducing diagnosis time and facilitating prompt
treatment. Furthermore, exploring the integration of
multimodal imaging data, such as combining MRI with other
imaging modalities like CT or PET scans, could provide a
more comprehensive understanding of stroke pathology and
improve diagnostic accuracy. Moreover, addressing ethical
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considerations surrounding patient privacy, data security, and
algorithm bias will be essential to ensure the responsible and
ethical deployment of these technologies in clinical practice.
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