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Abstract 

Seconds matter when a brain stroke occurs; it is a race against time where rapid, precise intervention 

is the only way to preserve a patient’s quality of life. This research introduces a deep learning 
framework designed to act as a vital ally for clinicians, providing automated, high-speed stroke 

detection through brain MRI analysis. At the heart of our approach is EfficientNetB0, a sophisticated 
neural network chosen for its ability to recognize complex medical patterns with remarkable efficiency. 

However, we believe that for AI to be truly effective in a hospital, it cannot be a “black box.” To bridge 
the gap between data and trust, we integrated Grad-CAM (Gradient-weighted Class Activation 

Mapping). This feature translates the model’s internal logic into visual heatmaps, pinpointing the exact 
regions of the brain that triggered a stroke diagnosis. By classifying scans into “Stroke” and “Normal” 

categories with 98% accuracy, our system offers a reliable second opinion. These visual explanations 
don’t just provide an answer – they provide a rationale, fostering the confidence doctors need to make 

life-saving decisions. Ultimately, this tool serves as a critical support system in clinical settings, 
particularly in underserved areas where immediate access to specialist radiologists may be limited. 
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INTRODUCTION 

A stroke occurs when the blood supply to a section of the brain is interrupted or significantly reduced, 
preventing brain tissue from receiving adequate oxygen and nutrients. As a result, brain cells begin to 

die within minutes if prompt medical treatment is not provided. Strokes are primarily classified into 
two types: ischemic stroke, caused by a blockage in the blood vessels supplying the brain, and 

hemorrhagic stroke, caused by bleeding within or around the brain (Figure 1) [1–4]. 
 

Doctors use medical imaging methods – like CT scans and MRIs – to find strokes. But it takes time 
to read these scans by hand, and it depends on how good the radiologist is. Treatment can be delayed 

by human error or a lack of specialists in some cases [5, 6]. 
 

Artificial Intelligence (AI) and Deep Learning 
(DL) have become valuable technologies in modern 

healthcare. Deep learning algorithms can 
automatically extract and learn relevant features 

from medical images, making them highly effective 
for applications such as stroke detection and 

diagnosis. However, these models are often called 

“black boxes” because they give predictions 
without explaining how they made them [7, 8]. 

 
To solve this issue, Explainable AI (XAI) 

techniques – like Grad-CAM – help to visualize 
which areas in an image are most important for the 

model’s decision. This increases transparency and 
trust between AI systems and doctors [9, 10]. 
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Figure 1. Strokes are mainly of two types. 

 

The Imperative for High-Performance Diagnostics 

The primary objective of this research is to architect a diagnostic framework that harmonizes three 

critical pillars of medical technology: predictive accuracy, computational efficiency, and transparent 

interpretability. In the high-stakes environment of stroke neurology, where “time is brain,” a model 

must do more than just function; it must integrate seamlessly into the frantic workflow of an emergency 

department [11]. 

 

Clinical Accuracy and Sensitivity 

In stroke detection, the cost of a false negative is catastrophic. By utilizing EfficientNetB0, this model 

leverages sophisticated compound scaling to capture intricate spatial hierarchies in neuroimaging data. 

This ensures high sensitivity to subtle ischemic or hemorrhagic markers that might be overlooked during 

a rapid manual review, providing a robust second opinion that minimizes human error [12, 13]. 

 

Computational Speed for Real-Time Intervention 

Speed is the most volatile variable in stroke prognosis. Traditional deep learning architectures are 

often computationally expensive, requiring significant hardware resources that may not be available in 

every clinical setting. This model prioritizes a “fast-inference” profile, ensuring that the transition from 

image acquisition to diagnostic output occurs in seconds. This rapid turnaround is vital for the timely 

administration of thrombolytic therapies, where every minute of saved processing time correlates to 

millions of preserved neurons [14, 15]. 

 

Interpretability via Grad-CAM 

Perhaps most crucially, this model addresses the “black box” problem of AI through Grad-CAM 

(Gradient-weighted Class Activation Mapping). In healthcare, a numerical probability is rarely enough 

to change a treatment plan; clinicians require visual evidence. By generating heatmaps that highlight 

the specific regions of the brain driving the model’s decision, Grad-CAM provides a localized rationale. 

This explainability fosters clinician trust, allowing neurologists to verify the model’s logic against 

established anatomical knowledge, ultimately bridging the gap between raw data and actionable 

medical insight [16, 17]. 
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METHODOLOGY 

Dataset and Preprocessing 

The dataset for this project has MRI images that are split into two folders: stroke and normal. We 

divided these pictures into three groups: training, validation, and testing. We made each picture 224 × 

224 pixels smaller so that it would fit the size of the model’s input. Image preprocessing steps included: 

• Resizing and normalization (pixel values scaled between 0 and 1) 

• Data augmentation (rotation, flipping, and brightness changes) to improve generalization 

• This ensures the model does not overfit and performs well on new, unseen data. 

 

Model Architecture 

The model is based on EfficientNetB0, which is a lightweight but highly accurate deep learning 

network. It uses transfer learning  – meaning it uses pre-trained ImageNet weights to speed up learning. 

The structure includes: 

• Base Model: EfficientNetB0 (frozen initially). 

• Global Average Pooling: To reduce features. 

• Dense Layer: 128 neurons with ReLU activation. 

• Dropout Layer: For regularization. 

• Output Layer: Softmax for two classes (stroke, normal). 

 

To optimize the network, the Adam (Adaptive Moment Estimation) algorithm was employed with a 

disciplined learning rate of 0.0001. This specific rate was selected to ensure stable convergence, 

preventing the model from overshooting the global minimum during the weight update process. The 

objective function utilized was Sparse Categorical Cross-Entropy, which is mathematically efficient for 

multi-class classification when labels are provided as integers. Throughout the training phase, the 

model’s performance was rigorously monitored using both training and validation accuracy to detect 

potential overfitting and ensure generalizability to unseen clinical data [18, 19]. 

 

Training and Evaluation 

The training process was structured to balance high-level feature recognition with patient-specific 

detail. The model underwent 15 epochs of training using a batch size of 16. This specific batch size was 

chosen to provide a stable gradient estimate while remaining memory-efficient, allowing the model to 

make frequent weight updates and converge steadily toward high accuracy [20]. 

 

To Ensure the Model Remains Reliable for Real-World Medical Use, We Implemented Three 

Key Strategies 

• Precision via Fine-Tuning: Initially, the EfficientNetB0 base was kept “frozen,” meaning its pre-

learned knowledge of general shapes and textures was preserved. Once the top layers stabilized, we 

unfroze the final layers of the architecture. This allowed the model to “fine-tune” its deepest filters 

specifically for the subtle textures found in brain MRIs – such as the faint density changes indicative 

of early-stage stroke – rather than just general image patterns [21, 22]. 

• Early Stopping: The “Safety Valve”: To prevent overfitting – where a model becomes so familiar 

with the training images that it fails to recognize new ones – we employed an Early Stopping 

mechanism. This system monitored the validation loss in real-time. If the model’s performance on 

unseen data stopped improving for a set number of rounds, the training was automatically 

terminated. This ensures that the final version of the model is the one that generalizes best to new 

patients [23]. 

• Iterative Learning (The 15-Epoch Cycle): By limiting the primary training to 15 epochs, we 

maintained a focused learning window. This prevented the model from over-optimizing on the 

specific noise or artifacts present in the training dataset, keeping the focus entirely on the 

physiological markers of a stroke. 
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Performance Evaluation Metrics 

Accuracy is defined as the overall correctness of the model and is given by: 

 

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

 

Precision measures how many of the predicted positive cases are actually correct: 

 

Precision = TP / (TP + FP). 

 

Recall measures how many actual positive cases are correctly identified: 

 

Recall = TP / (TP + FN). 

 

F1-Score represents the harmonic mean of Precision and Recall: 

 

F1-Score = (2 × Precision × Recall) / (Precision + Recall). 

 

The Dice Coefficient measures the overlap between predicted and actual lesion areas: 

 

Dice = (2 × TP) / (2 × TP + FP + FN). 

 

AUC (Area Under Curve) represents the model’s ability to distinguish between classes and is defined 

as the area under the ROC curve. 

 

Where TP denotes True Positives, TN denotes True Negatives, FP denotes False Positives, and FN 

denotes False Negatives. 

 

Explainability Using Grad-CAM 

To bridge the gap between algorithmic prediction and clinical trust, we integrated Gradient-weighted 

Class Activation Mapping (Grad-CAM). This technique ensures the model is not a “black box” but a 

transparent diagnostic partner. By calculating the gradients of the “stroke” class score relative to the 

final convolutional feature maps in the EfficientNetB0 backbone, Grad-CAM identifies the specific 

spatial regions that most heavily influenced the model’s decision. The resulting heatmaps are overlaid 

on the original MRI scans, allowing neurologists to visually confirm that the AI is focusing on 

pathologically relevant areas rather than imaging artifacts. This layer of explainability is essential for 

fostering the clinician confidence required for real-world medical deployment [24–27]. 

 

The formula for Grad-CAM is: 

 

L(Grad-CAM)ᶜ = ReLU(Σₖ αₖᶜ Aᵏ) 

 

where Aᵏ represents the feature maps and αₖᶜ denotes their corresponding importance weights. 

 

     The resulting heatmap is overlaid on the original MRI image, highlighting regions (in red or yellow) 

where the model detects stroke-related patterns. This visualization helps make the AI’s decision process 

interpretable and transparent for clinicians. 

 

EXPERIMENTAL RESULTS 

The trained model was tested on unseen MRI images. It achieved very high performance as shown 

below (Table 1): 
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The model successfully identified stroke and normal images with very few errors. 

 

Table 1. Classification performance of the proposed 

deep learning model in stroke detection. 

Metric Value 

Accuracy 98.1% 

Precision 0.97 

Recall 0.96 

F1-Score 0.96 

Dice Coefficient 0.96 

AUC 0.98 

 

Grad-CAM Visualization 

The Grad-CAM heatmaps acted as an important “sanity check” for the logic of the model. The 

algorithm demonstrated that it had successfully learned to recognize damaged brain tissue by 

consistently producing bright red clusters directly over the lesions in stroke-positive scans. In contrast, 

the heatmaps for healthy scans were homogeneous and neutral, without any localized “hotspots.” This 

indicates that the model only operates when it detects true pathological markers, failing to recognize 

healthy anatomy [28]. 

• For stroke images, red regions appeared over the lesion areas. 

• For normal images, no abnormal focus was highlighted. 

 

These heatmaps confirm that the model learns meaningful medical patterns and does not make 

random guesses. 

 

Comparison with CNN 

When compared with a simple CNN model, EfficientNetB0 performed better: 

• 3–4% higher accuracy. 

• Faster training time. 

• Lower computation cost. 

 

This proves that transfer learning with EfficientNetB0 is efficient for medical imaging tasks. 

 

DISCUSSION 

The proposed system shows that deep learning can effectively detect strokes from MRI images. The 

Grad-CAM explainability framework adds trust and transparency by showing how the model makes 

decisions [29, 30]. 

 

Advantages 

• High accuracy (98%). 

• Interpretability through visual heatmaps. 

• Works efficiently with limited data. 

• Can be deployed in hospitals or mobile devices. 

 

Limitations 

• Dataset size was small; larger datasets could improve reliability. 

• Grad-CAM provides visual explanations but not detailed numerical confidence. 

• Only binary classification (stroke or normal) was implemented. 

 

Future Scope 

• Extending the model to classify different stroke types. 
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• Adding Federated Learning to protect data privacy. 

• Using Transformer models for improved context awareness. 

• Building a real-time diagnostic tool for remote healthcare. 
 
CONCLUSION 

This study presented a simple and effective system for brain stroke detection using deep learning and 
Grad-CAM explainability. The EfficientNetB0 model achieved 98% accuracy, proving its ability to 
correctly identify stroke cases from MRI images. 
 

By using Grad-CAM, the model’s predictions become understandable to medical professionals, 
making it suitable for clinical support. The combination of deep learning and explainable AI provides 
both performance and transparency, which are essential for real-world medical use. 
 

In the future, this approach can be extended for real-time stroke monitoring systems and integrated 
with cloud or IoMT (Internet of Medical Things) platforms for continuous patient care. 
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