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ABSTRACT

As a serious neurological emergency, intracranial hemorrhage requires an early and precise diagnosis to improve the patient's
chances of recovery. Using the RSNA Intracranial Hemorrhage Challenge dataset, this study introduces a deep learning system for
the automated detection and categorization of brain hemorrhages from computed tomography (CT) scans. To improve the data and
strengthen the model, preprocessing methods such as contrast improvement, scaling, augmentation, and intensity normalization
were used. There were five different kinds of hemorrhages: subarachnoid, intraventricular, intraparenchymal, and epidural. To
improve the generalization abilities and lessen the overfitting tendencies of ResNet and DenseNetl21, two sophisticated
convolutional neural network architectures, we used regularization techniques like dropout, label smoothing, and data
augmentation. The results of the experiment showed that both models performed well across all classifications and correctly
differentiated between different types of bleeding. The findings imply that decision-making in radiology workflows can be aided by
deep learning algorithms. By detecting cerebral hemorrhage more rapidly and precisely, this could result in a quicker diagnosis, less
disagreement among observers, and better emergency care.
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Figure 1: Brain Hemorrhage Subtypes with healthy Brain

An extremely serious medical emergency affecting the brain is intracranial hemorrhage (ICH). Cerebral blood artery rupture within
brain tissue or nearby regions causes this disorder, which results in blood accumulation that disrupts normal neurological function.
The location, volume, and rate of bleeding propagation all affect the severity of the clinical manifestations, which range from
severe neurological impairments to fatal outcomes. According to recent global health data, ICH accounts for over 3.3 million
annual deaths worldwide, or 45.6% of all stroke-related deaths. In emergency medical situations, this substantial illness burden
necessitates quick diagnostic response and precise subtype classification.
Due to its speed, accessibility in clinics, and superior ability to visualize intracranial structures, computed tomography (CT)
imaging is the most crucial test for diagnosing ICH. Since CT scans can determine whether bleeding is present and what kind of
bleeding it is within minutes of a patient arriving, they are the primary diagnostic tool used in emergency rooms. However,
interpreting CT scans necessitates specialized radiological knowledge, which may cause issues with diagnosis. Diagnostic accuracy
may be compromised by human factors like interpretation variability, clinical fatigue, and differences in experience, particularly
when evaluating slight hemorrhagic changes or distinguishing between morphologically identical hemorrhage subtypes. Research
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efforts to develop automated diagnostic support systems that increase the speed and precision of radiological interpretation have
been sparked by these clinical concerns.

Medical image analysis techniques have changed as a result of recent developments in deep learning. While manually designed
feature extraction is the foundation of traditional computer-aided diagnosis techniques, deep learning systems use multi-layered
neural networks to autonomously learn hierarchical data representations. Significant performance improvements have resulted from
this technological advancement in a number of medical imaging applications, including pulmonary pathology screening,
ophthalmological disease classification, and oncological tumor detection. For applications involving intracranial bleeding, deep
learning models show great promise. They enable accurate subtype classification and hemorrhage detection, providing crucial
clinical information for treatment choices.

This study uses advanced convolutional neural network (CNN) architectures to address the multiclass classification problem of
cerebral bleeding. Six distinct diagnostic categories are included in the study dataset: five different forms of bleeding (epidural,
intraparenchymal, intraventricular, subarachnoid, and subdural). Two popular deep learning frameworks, ResNet and DenseNet121,
were selected for this classification task due to their demonstrated effectiveness in medical imaging and their capacity to identify
intricate patterns in high-dimensional image data. Extensive data pretreatment procedures were employed to strengthen the model
and lessen the impact of imaging artifacts. These included image resizing, augmentation techniques, and intensity normalization.

The project's main objective is to develop an automated diagnostic system that consistently detects various hemorrhages accurately
and performs well on datasets it has never encountered. The performance of the ResNet and DenseNetl21 architectures for
hemorrhage classification is evaluated in this work using comparative analysis, providing valuable information for the creation of
upcoming clinical decision-support tools. In critical care settings, where prompt, accurate diagnosis is essential to successful
treatment, automated systems such as these have great potential to expedite diagnosis, reduce human error in interpretation, and
ultimately improve patient outcomes.

RELATED WORKS

Using three CNN models—LeNet, GoogLeNet, and Inception-ResNet—Phong et al. (2017) proposed a deep learning-based
technique for detecting brain hemorrhage. Using preprocessing and augmentation techniques like rotation and brightness correction,
the study examined 100 CT cases from the 115 Hospital in Ho Chi Minh City. The findings demonstrated the high accuracy of the
classifiers: LeNet achieved 99.7%, GoogleNet achieved 98.2%, and Inception-ResNet achieved 99.2%. All of the models
demonstrated that they could be helpful in the clinic for detecting brain hemorrhages, despite LeNet taking longer to train.

Yao et al. (2020) stressed how important it is to identify bleeding as soon as possible after traumatic brain injury (TBI).
Radiologists painstakingly annotated 185 training, 67 validation, and 77 testing CT scans for their study. To reduce the need for
manual review and expedite the decision-making process, we developed automated detection models. The system's performance
was on par with that of expert radiologists, highlighting the therapeutic value of AI methods in emergency -care.
In order to detect cerebral bleeding from CT slices.

Cortés-Ferre et al. (2023) combined the ResNet and EfficientDet architectures with a visual explanation system (Grad-CAM).
Using the RSNA Kaggle dataset, which contains over 750,000 photos, their model achieved 92.7% accuracy and a ROC AUC of
0.978. Strong performance was confirmed by clinical validation, and Grad-CAM clarified the results by highlighting key areas for
prediction-making. The potential of explainable Al for healthcare decision support was demonstrated by this study.

In order to identify bleeding, Malik et al. (2024) looked at a number of deep learning models, including ResNet50, SEResNeXt,
EfficientNetB2, and ResNeXt. With a validation accuracy of 93.29% and a training accuracy of 99.95%, EfficientNetB3 performed
best. Prior to using transfer learning, they employed preprocessing methods like scaling, normalization, and augmentation. In
addition to discussing future strategies like real-time applications and multimodal data fusion, the paper concentrated on
EfficientNetB3's ability to balance accuracy and computing efficiency.
The studies show that deep learning has made great strides in the identification and categorization of brain hemorrhages using CT
imaging.

It has been demonstrated that models such as LeNet, ResNet, EfficientNet, and hybrid approaches are highly accurate and
dependable. They frequently outperform skilled radiologists. However, most previous research has focused on binary classification
of hemorrhage occurrence or used limited datasets, suggesting room for improvement in multiclass classification of particular
bleeding subtypes. In order to close this gap, this study performs Five-class classification using the ResNet and DenseNet121
architectures, which includes five different types of hemorrhage. This provides a more comprehensive and therapeutically
beneficial solution.
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Comparative Analysis of Algorithms for Intracranial Hemorrhage Detection

Study Algorithm/Model Used Classification Type Reported Limitations
Accuracy
Phong et al. LeNet, GoogLeNet, Binary (Hemorrhage / No 98-99%+ Small dataset, limited
(2017) Inception-ResNet Hemorrhage) generalization
Yao et al. Custom CNN-based tool Binary (TBI hemorrhage Clinically Focused only on TBI, no
(2020) detection) validated subtype classification
Cortés-Ferre et ResNet + EfficientDet + Binary + Multi-label 92.7% (AUC Did not classify all hemorrhage
al. (2023) Grad-CAM (slice/patient level) 0.978) subtypes
Malik et al. EfficientNetB3, ResNet50, Binary / Multi-label 93.29% Focused on performance tuning,
(2024) SEResNeXt (Validation) limited subtype balance
METHODOLOGY

The methodology of this research focuses on developing a deep learning—based system for the detection and classification of
intracranial hemorrhage (ICH) from computed tomography (CT) scans. The entire process is divided into sequential stages: data
acquisition, preprocessing, model design, training, and evaluation.

A.

DATA ACQUISITION

The RSNA Intracranial Hemorrhage Detection challenge, which offers a sizable collection of brain CT scans labeled for
various hemorrhage types, provided the dataset used in this investigation. Five categories of hemorrhage subtypes—
epidural, intraparenchymal, intraventricular, subarachnoid, and subdural—were established.

PREPROCESSING

Bone Subdural

Original

Figure 3:Preprocessing of Dicom through 3 window
Preprocessing is an important step in getting CT scan pictures ready for deep learning model training. Raw medical photos
often have noise, artifacts, and changes in intensity, so they went through several procedures to make sure they were
consistent, of good quality, and suitable for model input.

First, Hounsfield Units (HU) were used to turn all DICOM pictures into pixel values. HU is a common scale for
interpreting CT scans. This step makes sure that tissue density is shown correctly on all scans. Three clinical windows
were used to improve diagnostic features: the brain window (WL=40, WW=80), the bone window (WL=300, WW=1500),
and the subdural window (WL=80, WW=200).

I averaged the outputs of these windows to generate a multi-channel depiction that made both soft tissue and bleeding
areas easier to see.Next, the photos were cropped in the center and zoomed in on the most important parts of the brain,
cutting down on background noise. After this, all of the photos were downsized to 512 x 512 pixels, which made sure that
the dataset was consistent and worked with deep learning architectures.

I used data augmentation techniques including rotation, flipping, brightness adjustment, and scaling to make the model
more versatile and less likely to overfit. These changes make the models learn more robust features by mimicking real-
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world changes in CT images. Finally, the dataset was normalized and turned into three-channel PNG pictures, which work
directly with CNN-based models like ResNet and DenseNet.

C. MODEL SELECTION AND ARCHITECTURE

The main goal was to develop a robust deep learning model that could recognize six different kinds of brain hemorrhages
from CT scans. Because medical imaging datasets are typically small, highly unbalanced, and require feature extraction
that detects minute changes in image patterns, selecting the appropriate model architecture is crucial.
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Figure 4:System Architecture

Since ResNet18 and DenseNet121 have varying strengths in feature extraction and efficient gradient propagation, they
were both selected for the classification of five different types of brain hemorrhages: epidural, intraparenchymal,
intraventricular, subarachnoid, and subdural. The Residual Network family includes ResNet18. It makes use of residual
blocks, which enable shortcut connections to allow inputs to bypass convolutional layers. This allows learning to remain
stable even in deeper networks by resolving the vanishing gradient issue. Its convolutional backbone consists of 18 layers
arranged into four residual stages. A fully connected layer with six neurons—one for each type of bleeding—and adaptive
average pooling follow. Conversely, DenseNet121 employs dense connectivity, meaning that every layer receives feature
mappings from every layer that comes before it. Both low-level and high-level patterns are captured, and feature reuse is
encouraged. There are four dense blocks with transition layers in between each of the 121 layers that make up the
DenseNet121 backbone. A fully connected layer with six output neurons follows, followed by global average pooling.
Since a single CT scan can reveal multiple types of hemorrhage, both networks employ sigmoid activation to compute
independent probabilities for each class, enabling multi-label classification. This combination of topologies enables the
study to swiftly and precisely identify minute patterns in CT scans using both residual and densely connected designs.

D. MODEL IMPLEMENTATION

1. ResNetl8

Five types of brain hemorrhages—epidural, intraparenchymal, intraventricular, subarachnoid, and subdural—were
categorized using ResNet18. This is due to its proficiency in capturing particular image data and training deep networks.
In order to utilize pretrained weights, the model makes use of CT images that have been scaled to 224x224 pixels with
three channels and normalized using ImageNet statistics. A 7x7 convolutional layer with 64 filters and a stride of 2 is used
at first. After that, it undergoes 3%3 max pooling with a stride of 2, batch normalization, and ReLU activation. In the center
of the network are four residual stages. Two convolutional layers with batch normalization and ReLU are present in each
stage. Shortcut connections in these residual blocks allow the input to bypass the convolutions, making it easier for
gradients to traverse the network. Feature maps are downsampled using a projection shortcut in the first block of each
subsequent step. Following these layers, the spatial dimensions are converted into a 1x1x512 feature vector by an adaptive
average pooling layer. This feature vector is then flattened and sent to a fully connected layer that has six neurons
representing the various hemorrhage types. Because different types of hemorrhages may occur simultaneously in clinical
settings, a sigmoid activation assigns a probability to each class, allowing for multi-label predictions. This method enables
the model to rapidly learn small patterns in CT scans, enabling it to detect various types of bleeding precisely and quickly
enough for clinical application.
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By beginning with ImageNet pretrained weights, the design makes use of transfer learning. Even though the domains are
different, this has proven effective for medical image analysis jobs. Given that patients may experience multiple types of
hemorrhages simultaneously, making mutually exclusive classification ineffective, the multi-label classification method
with sigmoid activation is highly effective in detecting brain hemorrhages. The best balance between model complexity
and performance is achieved by the ResNetl8 backbone. The vanishing gradient issue that frequently arises in deeper
networks is resolved by residual connections, which also maintain the model's efficiency for real-time clinical application.

2. DenseNetl121

Five types of brain hemorrhages—epidural, intraparenchymal, intraventricular, subarachnoid, and subdural—were
categorized using DenseNet121. This is due to its large number of connections, rapid gradient propagation, and ability to
detect both high-level and low-level information from CT scans. Images that have been scaled to 224x224 pixels with
three channels and normalized using ImageNet statistics are fed into the network along with pretrained weights. There are
four dense blocks with transition layers between the 121 layers that make up the convolutional backbone. In order to
facilitate feature reuse and proper gradient flow, each layer receives feature mappings from all layers that came before it.
Following the dense blocks, the spatial dimensions are condensed by an adaptive average pooling layer. A fully connected
layer with six neurons—one for each type of bleeding—receives the resultant 1x1x1024 feature vector. Since a single CT
scan can reveal multiple types of hemorrhage, a sigmoid activation generates distinct probabilities for each class, enabling
multi-label classification. To broaden the model, we trained it using a combination of label-smoothed binary cross-entropy
and mixup augmentation using the AdamW optimizer and a cosine annealing learning rate schedule. The model with the
lowest validation loss was kept for inference, and early stopping was employed to prevent overfitting.

E. MODEL EVALUTION

A separate set of 50,000 CT scan images was used to test the trained model in order to ensure that the outcomes were
equitable. Finding the five types of intracranial hemorrhages—epidural, intraparenchymal, intraventricular, subarachnoid,
and subdural—was the primary objective of the assessment. To assess the effectiveness of the categorization, we looked at
a variety of performance metrics, such as accuracy, precision, recall, and F1-score. We were able to identify situations
where we might be overfitting or underfitting thanks to this. The findings demonstrated that the majority of subtypes could
be effectively generalized. However, due to a lack of sufficient examples, performance was somewhat worse for
uncommon categories such as epidural hemorrhage. To strengthen the model, any necessary adjustments were made, such
as regularizing it and modifying the hyperparameters.

RESULTS AND DISCUSSION

The proposed model was evaluated on a test set of 3,950 CT scan images for five hemorrhage subtypes. Performance was assessed
using precision, recall, F1-score, and support (sample count).

Resnet18

precision recall fl-score  support

epidural merged .44 . Lt 613
Intraparenchymal Positive .83 . . 1238
Intraventricular Positive .29 .8 . 1234

Subarachnoid_Positive .78 . . 1187

Subdural Positive . T . 1158

accuracy a. 5422
macro avg a. a. : 5422
weighted avg .78 . . 5422

Table 1:ResNet18 Classification Report
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Densenet121
precision recall fl-score support
epidural merged 0.817 0972 .888 617.0
Intraparenchymal Positive 0.969 0928 0,949 11430
Intraventricular Positive 0987 0,963 0973 12240
Subarachnoid Positive 096 0.95 0955 12240
Subdural Positive 0.9/ 0,943 0,957 1214
accuracy 0.95 0.95 0.95 0.95
Macro avg 0,94 0.952 0,944 54220
Weighted avg 0953 (K 095 22,0
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Figure 7:Classification report of densenet121
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MODEL COMPARISON

Because DenseNetl21 strikes a good balance between precision and recall (> 0.93), it consistently performs well across all five
types of bleeding. This demonstrates that it can identify positive examples with fewer errors. Even though ResNetl8's recall is
significantly lower in some classes, it still produces good results and strong precision for the majority of bleeding types. Its
performance varies significantly from class to class, though. DenseNetl121 has a slight but significant advantage over the other
model when examining the macro averages for precision, recall, and F1-score. This indicates that it is the best model all around. In
this dataset, DenseNet121 appears to perform better for clinical decision support. However, ResNet18 may still be a good substitute
if speed is more crucial.
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CONCLUSION

This study shows how intracranial hemorrhage (ICH) on CT scans can be automatically identified and categorized using deep
learning models, specifically ResNet-18 and DenseNet-121. By using convolutional neural networks and advanced preprocessing
techniques, the system aims to address the shortcomings of manual radiological interpretation, including time delays, diagnostic
errors, and difficulties differentiating between hemorrhage subtypes. Accurately identifying ICH and its subtypes is crucial because
treatment plans and patient outcomes depend on a timely and precise diagnosis.

When integrated into clinical workflows, Al-powered solutions can significantly reduce radiologists' workloads, expedite
emergency decision-making, and improve patient survival and recovery rates. Additionally, the use of interpretability techniques
like Grad-CAM enhances clinician trust by making model predictions more transparent. Although further validation on multiple
datasets and real-world clinical settings is needed, the results of this study point to a promising future in which Al-driven systems
function as reliable decision-support tools in neuroimaging. In the end, this approach has the potential to completely transform
emergency care by integrating speed, accuracy, and interpretability in the diagnosis of ICH.
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