
   

Prediction of Brain Haemorrhage Using Deep Learning 

Techniques: A Comprehensive Review 

Mr. Sharayu Phatangare1 
1PG Student, School of Computational Sciences, Faculty of Science and Technology, JSPM University Pune,  

Pune, Maharashtra, India 
 

Dr. Rahul Chakre 2 
2Sr. Assistant Professor, School of Computational Sciences, Faculty of Science and Technology, JSPM University Pune, Pune, Maharashtra, India 

 

Abstract 

Brain hemorrhage, a severe medical . condition, occurs due to the rupture of blood vessels in the brain, leading 

to internal bleeding and potential life- threatening complications. Early detection and accurate diagnosis are 

crucial for timely medical intervention and improved patient outcomes. Traditional diagnostic methods, such 

as CT scans and MRI, have limitations in accuracy and efficiency. Deep learning has emerged as a promising 

approach for medical image analysis, offering improved precision in detecting brain hemorrhages. This review 

paper explores the application of deep learning techniques in brain hemorrhage prediction, examining various 

models, datasets, and evaluation metrics used in recent studies. The paper discusses the advantages and 

limitations of deep learning- based methods and highlights the potential future directions for enhancing 

diagnostic accuracy and clinical applicabilit. 

Keywords: Deep Learning, Brain Hemorrhage Detection, CNN, Medical Imaging, CT Scans, Automated 

Diagnosis 

1. Introduction 

Brain hemorrhage is a critical medical condition characterized by internal bleeding within the brain, often 

resulting in severe neurological impairments or fatalities if not diagnosed and treated promptly. Conventional 

diagnostic methods, such as computed tomography (CT) and magnetic resonance imaging (MRI), heavily rely 

on manual interpretation by radiologists. However, this process can be time-consuming, subject to inter-

observer variability, and limited by resource availability. With the advent of deep learning and the increasing 

accessibility of medical imaging data, automated hemorrhage detection systems have shown promising results 

in improving diagnostic accuracy and efficiency. Deep learning models, particularly convolutional neural 

networks (CNNs), have demonstrated the ability to analyze medical images with high precision, detecting 

even minute abnormalities that might be overlooked by human experts. This review aims to explore state-of-

the-art deep learning methodologies applied to brain hemorrhage prediction, discussing their effectiveness, 

challenges, and future research directions. 
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2. Literature Survey 

Deep learning has significantly improved brain hemorrhage detection, enhancing diagnostic accuracy and 

clinical decision- making. proposed a U-Net-based CNN model for automatic hemorrhage segmentation, 

achieving high precision. Kumar et al. [2] developed a hybrid CNN-LSTM model, effectively capturing spatial 

and temporal patterns in imaging data with 93% accuracy. Shen et al. [3] introduced a ResNet-based deep 

learning model for multi-class hemorrhage classification, reporting an F-score of 92%.Several studies have 

explored transfer learning and ensemble models to improve detection. Ahmed et al. [4] fine-tuned a pre-trained 

VGG16 model for hemorrhage detection, demonstrating high accuracy with limited labeled data. Gupta et al. 

[14] optimized a ResNet model, achieving a 96% classification accuracy. Patel et al. [6] introduced an 

ensemble CNN-Random Forest model, significantly improving small hemorrhage detection. Li et al. [7] 

proposed a 3D CNN framework to enhance volumetric CT scan analysis, increasing specificity. Chen et al. 

[8], [19] leveraged Generative Adversarial Networks (GANs) to enhance image quality, improving detection 

accuracy by 4%. A novel deep learning framework integrating Mask Scoring R- CNN and EfficientNet-B2 

was proposed to enhance hemorrhage classification through a two-stage verification process. The model was 

evaluated on both open-access and private datasets, achieving 94.3% accuracy using random partitioning and 

97.33% accuracy on the private dataset. These findings highlight the potential of AI- driven methods in brain 

hemorrhage detection and provide a strong foundation for future research in medical imaging 

2.1 Existing Techniques Traditional methods 

for diagnosing brain hemorrhages include computed tomography (CT) scans, magnetic resonance imaging 

(MRI), and manual radiological interpretation. CT scans remain the gold standard for initial detection due to 

their speed and availability, but their sensitivity is often limited in detecting small hemorrhages. MRI 

provides superior soft-tissue contrast, making it ideal for detailed analysis, though its high cost and limited 

accessibility in emergency cases restrict its use. Statistical and handcrafted computational techniques, such 

as thresholding and region-based segmentation, have been explored in several studies but suffer from poor 

generalization and accuracy. 

Author(s) Year (Publisher) Qualitative Findings Quantitative Findings 

A. Kumar, S. 
Gupta, M. S. 
Mann[1] 

2022 (Springer) Automated deep learning-
based detection of intracranial 
hemorrhage, improving 
diagnosis accuracy. 

Achieved 92.5% accuracy, reducing 
false positives. 

J. Wang, L. Sun, 
Y. Zhao[2] 

2021 (Elsevier) Explainable AI techniques 
enhance interpretability of 
hemorrhage detection models. 

Model outperforms traditional 
CNNs with 88.3% F1-score. 

L. Brown, M. 
Patel, A. Khan[3] 

2023 (IEEE) Integration of deep learning 
into clinical settings shows 
potential for real-time 
applications. 

Achieved 91.8% precision with an 
average processing time of 1.2s per 
scan. 

K. Shah, N. Rai, 
D. Mehta[4] 

2020 (Nature) Compressed neural networks 
improve computational 
efficiency while maintaining 
accuracy. 

Reduces model size by 60% while 
maintaining 89.4% accuracy. 
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R. Chen, M. 
Zhao, J. Y. Lim[5] 

2022 (Wiley) Privacy-preserving techniques 
for federated deep learning 
models in medical imaging. 

Federated learning achieves 87.6% 
accuracy, reducing data exposure 
risk. 

S. Kim, H. Lee, J. 
Choi[6] 

2021 (ACM) Bias mitigation in deep learning 
models enhances fairness in 
medical diagnosis. 

Reduces bias in underrepresented 
groups by 30%, improving 
inclusivity. 

M. El-Ghamry, S. 
Ismail, Y. A. 
Ali[7] 

2023 (Springer) Hybrid machine learning 
approaches improve 
hemorrhage detection 
efficiency. 

Hybrid models achieved 94.2% 
sensitivity, outperforming 
standalone CNNs. 

A. Singh, S. 
Yadav, P. 
Singh[8] 

2022 (Elsevier) 3D CNNs improve spatial 
feature extraction in CT scan 
analysis. 

Achieves 95.1% accuracy, 
outperforming 2D CNNs. 

P. C. Lim, J. W. 
Kim, H. S. Kim[9] 

2023 (IEEE) Lightweight CNN models 
enable real-time edge 
computing-based hemorrhage 
detection. 

Reduces processing time by 40% 
while maintaining 90.3% accuracy. 

D. Roy, R. Basak, 
S. Roy[10] 

2021 (Wiley) Comparative analysis of ML 
models for hemorrhage 
detection in CT images. 

SVM achieves 85.6% accuracy, 
while deep CNNs reach 92.7%. 

 

he observations from the table highlight that deep learning-based hemorrhage detection systems significantly 

improve accuracy, efficiency, and interpretability compared to traditional methods. The integration of 

explainable AI, federated learning, and hybrid machine learning approaches enhances both diagnostic 

reliability and computational efficiency. However, challenges such as bias in medical diagnosis, real-time 

processing constraints, and privacy concerns in data sharing require further exploration. Future research should 

focus on developing lightweight, privacy-preserving AI models, bias mitigation strategies, and real-time edge 

computing solutions to enhance clinical applicability and inclusivity. 

 

2.2. Machine Learning Techniques 

 Machine learning approaches have been extensively explored for hemorrhage detection, leveraging 

handcrafted features to enhance diagnosis. Commonly used models include: • Support Vector Machines 

(SVM): Used for binary classification of hemorrhage presence with handcrafted radiomic features • Random 

Forests: Employed for classification tasks, benefiting from ensemble learning • k-Nearest Neighbors (k-NN): 

Applied to classify hemorrhagic and non-hemorrhagic regions based on intensity and texture. Feature 

extraction plays a critical role in ML models. Hybrid methods combining SVM with deep feature extraction 

have improved diagnostic accuracy. However, ML-based methods often struggle with dataset variability and 

require extensive feature engineering to achieve high generalization. 

Author(s)  Publication & Year Qualitative Findings Quantitative Findings 

T. Zhang, 

Y. Chen, 

W. Xu [11] 

IEEE Transactions on 

Neural Networks and 

Learning Systems, 2020 

Adaptive CNN models improve 

hemorrhage detection in CT scans. 

Achieves 93.2% accuracy, 

reducing false negatives. 
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F. Liu, L. 

Gao, X. 

Wang [12] 

IEEE Transactions on 

Neural Networks and 

Learning Systems, 2021 

Federated learning enables multi-

institutional collaboration while 

maintaining data privacy. 

Federated learning model 

achieves 89.5% accuracy 

with reduced data-sharing 

risks. 

H. Song, C. 

Liu, Z. 

Chen [13] 

IEEE Transactions on 

Image Processing, 2021 

Transfer learning enhances deep 

neural network performance in 

hemorrhage detection. 

Achieves 91.6% accuracy, 

outperforming traditional 

CNNs. 

B. Wilson, 

R. 

Choudhary, 

A. Smith 

[14] 

IEEE Access, 2020 Ensemble methods improve brain 

hemorrhage detection robustness. 

Ensemble models reach 

94.3% accuracy, higher than 

standalone CNNs. 

J. Luo, D. 

Wang, Y. 

Yang [15] 

IEEE Transactions on 

Cybernetics, 2021 

Reinforcement learning models show 

potential for dynamic hemorrhage 

diagnosis. 

Achieves 90.8% accuracy 

with adaptive learning 

strategies. 

S. Verma, 

N. Agarwal 

[16] 

IEEE Access, 2021 Deep residual networks enhance 

feature extraction for hemorrhage 

detection. 

Achieves 92.7% sensitivity, 

improving early detection. 

T. F. Chan, 

K. L. 

Wong, M. 

H. Chung 

[17] 

IEEE Transactions on 

Medical Imaging, 2021 

SVM and texture analysis improve 

hemorrhage classification. 

SVM model reaches 86.4% 

accuracy, outperforming 

traditional classifiers. 

Y. Wang, 

R. Guo, J. 

Zhao [18] 

IEEE Transactions on 

Medical Imaging, 2020 

Automatic segmentation improves 

hemorrhage detection efficiency. 

Achieves 95.5% 

segmentation accuracy, 

reducing manual effort. 

X. Liu, H. 

Zhang [19] 

IEEE Access, 2020 Comparative analysis highlights 

strengths and weaknesses of different 

ML algorithms for hemorrhage 

detection. 

Deep CNNs achieve 93.8% 

accuracy, while SVMs 

perform at 87.2%. 

J. Wen, Y. 

Chen, S. 

Liu [20] 

IEEE Transactions on 

Biomedical Engineering, 

2021 

Pre-trained models and data 

augmentation enhance hemorrhage 

detection. 

Achieves 96.1% accuracy, 

outperforming baseline 

models. 

    

The findings highlight that advanced deep learning techniques, including transfer learning, federated learning, 

and reinforcement learning, significantly improve hemorrhage detection accuracy. Ensemble and hybrid 

Journal of Systems Engineering and Electronics  (ISSN NO: 1671-1793) Volume 35 ISSUE 6 2025

PAGE NO: 209



models outperform traditional approaches, while privacy-preserving AI solutions are gaining traction. Future 

research should focus on real-time processing, bias mitigation, and optimizing lightweight AI models for 

widespread clinical use. 

2.3 Deep Learning Techniques  

Deep learning has revolutionized medical image analysis by automating feature extraction and achieving 

superior accuracy. Some prominent architectures used for hemorrhage detection include:  

• Convolutional Neural Networks (CNNs): Proven effective in detecting hemorrhages with high precision.  

• U-Net: A powerful segmentation model used for delineating hemorrhagic regions  

• ResNet and DenseNet: Advanced models that improve classification performance while minimizing 

overfitting Although deep learning methods outperform traditional and ML-based techniques, they face 

challenges related to computational complexity, data annotation, and explainability. Efforts to integrate hybrid 

approaches, such as fusing CNNs with attention mechanisms, have been explored to improve reliability. 

. 

Author 

Name 

Publication Details Qualitative Findings Quantitative Findings 

P. H. 

Vaghela and 

R. A. A. 

Raja [21] 

IEEE Geoscience and Remote 

Sensing Letters (2024) 

Automatic 

identification of tree 

species using deep 

learning and Sentinel-

2A images. 

Accuracy of 93.5% in tree species 

classification. 

M. A. X. et 

al. [22] 

IEEE Transactions on Emerging 

Topics in Computational 

Intelligence (2024) 

Deep image feature 

learning with fuzzy 

rules to enhance 

interpretability. 

Achieved 91.2% accuracy in image 

classification tasks. 

L. Luo et al. 

[23] 

IEEE Reviews in Biomedical 

Engineering (2024) 

Review of deep 

learning advancements 

in breast cancer 

imaging over the past 

decade. 

Highlights improvements in 

diagnostic accuracy, up to 95.8%. 

S. Ahmed et 

al. [24] 

IEEE Access (2024) Comparative study of 

deep learning and 

machine learning 

methods for brain 

hemorrhage detection. 

CNN-based model achieved 97.1% 

accuracy in hemorrhage classification. 

K. Ghosh et 

al. [25] 

IEEE (2022) Discussion on the class 

imbalance problem in 

deep learning and 

proposed solutions. 

Data augmentation techniques 

improved accuracy by 8% on average. 
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H. Hosseini 

et al. [26] 

arXiv e-Prints (2024) Exploration of deep 

learning applications in 

lung cancer diagnosis. 

Deep learning models reached 96.4% 

accuracy in lung cancer detection. 

A. Halbouni 

et al. [27] 

IEEE Access (2022) Review of machine 

learning and deep 

learning approaches for 

cybersecurity. 

Identified key techniques improving 

threat detection rates by 87%. 

D.-H. Shih 

et al. [28] 

IEEE Access (2022) Stroke prediction using 

deep learning and 

transfer learning 

approaches. 

Achieved 94.7% accuracy in stroke 

risk prediction. 

Z. Zhu et al. 

[29] 

arXiv e-Prints (2020) Survey on transfer 

learning in deep 

reinforcement learning 

applications. 

Demonstrated efficiency 

improvements up to 30% in training 

time reduction. 

W. Zhang et 

al. [30] 

IEEE Journal of Biomedical and 

Health Informatics (2024) 

Predictive modeling for 

hospital readmissions 

of heart disease patients 

using AI. 

Model achieved 92.3% accuracy in 

predicting readmissions. 

 

2.4 Research Gap  

       • Need for large, annotated, multi-center datasets covering diverse demographics and imaging                 

          modalities.  

       • Demand for lightweight, optimized models for deployment on standard medical hardware.  

       • Improved architectures required to detect small, dispersed, and early-stage hemorrhages 

       • Models should incorporate temporal data using RNNs or temporal CNNs for better hemorrhage                              

          progression tracking.  

       • Need for explainable AI techniques to enhance clinician trust and transparency in model decisions. 

      •   More real-world clinical trials required to assess model robustness across diverse conditions. 2.5    

          

 2.5  Research Objectives  

• Gather and preprocess relevant medical imaging data, patient history, and other potentialindicators of  

brain   

   hemorrhage. • Identify and engineer relevant features that can potentially predict brain hemorrhage  

   (e.g., age, blood pressure, prior history, imaging markers). 

 • Evaluate the model for potential biases based on patient demographics, imaging source,or other 

factors.  
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• Evaluate model performance using metrics such as accuracy, sensitivity, specificity,precision, recall, 

and  

    area under the ROC curve .  

 

4. Proposed Methodology 

The proposed methodology for the prediction of brain hemorrhage using deep learning techniques focuses on 

leveraging advanced artificial intelligence (AI) models to enhance diagnostic accuracy, efficiency, and real-

time prediction capabilities. The methodology is structured into several key steps as outlined below: 

 

Data Collection and Preprocessing 

i. Data Acquisition: Medical imaging datasets, including CT scans and MRI images, are collected from 

publicly available repositories and hospital databases. The dataset includes hemorrhagic and non-hemorrhagic 

cases to train a robust model. 

ii. Data Augmentation: To improve model generalization, various augmentation techniques are applied, such 

as: 

• Rotation and flipping to simulate different head positions. 

• Contrast and brightness adjustments to account for different scan qualities. 

• Noise addition to enhance robustness against image artifacts. 

 

Feature Extraction and Selection 

i. Image Preprocessing: Techniques such as histogram equalization, denoising, and normalization are used to 

improve image quality and enhance significant features. 

ii. Segmentation: Deep learning-based segmentation techniques, such as U-Net or Mask R-CNN, are employed 

to isolate hemorrhagic regions within brain scans. 

iii. Feature Selection: Key features such as shape, texture, and intensity of hemorrhagic regions are extracted 

to enhance the accuracy of classification models. 

 

Model Selection and Training 

i. Deep Learning Model Selection: Different architectures, including CNN (e.g., VGG16, ResNet50) and 

hybrid models (CNN-RNN), are explored to determine the best approach for hemorrhage classification. 

ii. Transfer Learning: Pre-trained models on large-scale medical datasets (e.g., ImageNet, Brain Hemorrhage-

specific datasets) are fine-tuned to improve model performance with limited labeled data. 

iii. Hyperparameter Optimization: The model undergoes hyperparameter tuning using techniques such as Grid 

Search or Bayesian Optimization to improve training efficiency and accuracy. 

 

 

Model Evaluation and Performance Metrics 

i. Performance Evaluation: The trained model is tested on an independent dataset using evaluation metrics 

such as: 
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• Accuracy: Measures the overall correctness of the model. 

• Sensitivity (Recall): Assesses the model's ability to correctly identify hemorrhagic cases. 

• Specificity: Evaluates the model's ability to exclude non-hemorrhagic cases. 

• F1 Score: Balances precision and recall to provide a comprehensive performance measure. 

• ROC-AUC Curve: Determines the trade-off between sensitivity and specificity. 

ii. Cross-Validation: K-fold cross-validation (e.g., 5-fold or 10-fold) is applied to minimize overfitting and 

ensure generalizability across different datasets. 

 

Model Deployment and Real-Time Application 

i. Edge Device Integration: Optimized deep learning models are deployed on medical imaging software or 

edge devices for real-time hemorrhage detection in hospital settings. 

ii. Cloud and Web-based Deployment: The model is integrated into a cloud-based system to allow remote 

diagnosis and second-opinion analysis by specialists. 

iii. Automated Report Generation: The system generates automated reports with probability scores, segmented 

hemorrhage regions, and recommendations for clinical assessment. 

 

Privacy, Security, and Ethical Considerations 

i. Data Privacy and Encryption: All medical images and patient data are encrypted using advanced 

cryptographic techniques to comply with medical data regulations (HIPAA, GDPR). 

ii. Bias Mitigation: Algorithmic fairness techniques are implemented to ensure equitable performance across 

different demographic groups and avoid biases in medical predictions. 

iii. Explainability and Interpretability: Grad-CAM and SHAP methods are used to visualize model decisions, 

making AI-based predictions interpretable for medical practitioners. 

 

Conclusion 

This methodology provides a comprehensive approach to predicting brain hemorrhage using deep learning 

techniques. By combining robust data preprocessing, feature extraction, deep learning models, and 

performance evaluation metrics, the system aims to enhance early detection and diagnosis. Future 

enhancements may include incorporating multimodal imaging data (e.g., PET scans, functional MRI) and 

federated learning approaches for improved privacy and collaboration among hospitals. 

 

Workflow Diagram: 

Workflow for Prediction of Brain Hemorrhage Using Deep Learning  

1. Data Collection Gather CT/MRI scan images from medical databases. 

 2. Data Preprocessing Perform normalization, edge detection, and segmentation to enhance image quality 

 3. Feature Extraction & Model Training Extract significant features from preprocessed images. Train CNN   

models with optimization techniques and loss function tuning.  

4. Model Evaluation & Prediction Perform classification for hemorrhage detection and severity estimation. 

Validate model using accuracy, precision, and cross-validation techniques 
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Figure 3.2: Architecture of Proposed System. 

Compare the accuracy and efficiency of the system to traditional attendance methods. This comparison will 

provide a clear understanding of the advantages and limitations of the proposed system in relation to 

conventional attendance management practices. Explore the potential applications of the system in various 

educational and organizational settings. This exploration will investigate the potential benefits and use cases 

of the system in different contexts, including schools, universities, offices, and other organizations. Address 
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the privacy concerns associated with facial recognition technology. This will involve implementing 

appropriate data security measures, adhering to ethical guidelines, and ensuring transparency in data collection 

and usage. 

 

Dataset Information 

i. Datasets Used: 

• Public: Medical imaging repositories such as Brain Hemorrhage CT/MRI datasets from NIH 

and Kaggle. 

• Custom: Institution-specific datasets for better domain adaptation and improved accuracy. 

ii. Dataset Characteristics: 

• Image resolution: 256x256 or higher for clear hemorrhage detection. 

• Number of cases: 10,000+ images, including hemorrhagic and non-hemorrhagic cases. 

• Challenges: Variations in image quality, scanner types, noise, and patient diversity 

Expected Outcomes 

i. Accuracy: Achieve >95% accuracy in detecting brain hemorrhage from CT/MRI scans. 

ii. Latency: Real-time prediction with inference time <100ms per scan. 

iii. Scalability: Support for processing thousands of images with efficient model deployment on cloud 

and edge devices. 

iv. Robustness: Reliable performance under different imaging conditions and scanner variations.. 

Future Work 

i. Multimodal Imaging Integration: Incorporate PET scans and functional MRI for a more 

comprehensive hemorrhage analysis. 

ii. Bias Reduction: Implementing fairness-aware algorithms to minimize demographic and dataset-

related biases. 

iii. Federated Learning: Enable decentralized model training across multiple hospitals while 

preserving data privacy. 

iv. Edge AI Deployment: Optimize models for real-time execution on portable medical imaging 

devices to aid remote diagnosis. 

v. Explainable AI (XAI) Enhancements: Improve interpretability through advanced visualization 

techniques to provide clear insights to medical professionals. 
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Conclusion 

Deep learning approaches have been utilized for the diagnosis of brain hemorrhage with successful 

improvements in terms of accuracy, interpretability, and overall efficiency. Other research has demonstrated 

the effectiveness of convolutional neural networks (CNNs), explainable artificial intelligence (XAI), federated 

learning, and hybrid machine learning frameworks to improve the accuracy of diagnosis and address issues of 

privacy, computational efficiency, and bias prevention. Despite such advances, some of the limitations still 

linger in the sense that more diverse and voluminous datasets are required, real- time deployment in the clinical 

setting, and fewer false positives and negatives to become reliable. Future research should strive to integrate 

multimodal medical imaging into deep learning, expand interpretability techniques, and maintain ethically 

coherent implementation of AI in medicine. Briefly, deep learning is continually reshaping the area of brain 

hemorrhage diagnosis with promising solutions that facilitate early diagnosis, enhance patient outcomes, and 

assist clinicians in making well-informed decisions. Further interdisciplinary collaboration among AI 

researchers, medical professionals, and policymakers is essential to further advance these technologies so that 

they are adopted in clinical practice on a large scale. 
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