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Abstract 
Intracranial hemorrhage (ICH) is a critical subtype of stroke that arises from 
bleeding within the brain and often leads to severe neurological damage or 
death if not diagnosed at an early stage. The rapid rise in stroke incidence 
worldwide, combined with limited access to specialized radiologists, necessi-
tates the development of automated and efficient detection systems that can 
support early intervention. Leveraging deep learning in medical imaging can 
significantly reduce diagnostic delays, improve treatment outcomes, and lower 
stroke-associated mortality. In this study, we propose Hem-CNN, a deep con-
volutional neural network built upon a pretrained EfficientNetB2 backbone 
with customized convolutional and pooling layers, designed specifically for 
stroke-related CT images. Extensive preprocessing techniques, including noise 
reduction, CLAHE contrast enhancement, and histogram normalization, were 
applied to ensure image quality. The model achieved an accuracy of 97.80%, 
precision of 96.86%, recall of 97.37%, specificity of 98.06%, and an F1-score of 
97.10%, outperforming models such as VGG19, ResNet152, and Efficient-
NetB2. The novelty of this study lies in the integration of a lightweight yet 
highly discriminative CNN architecture with robust preprocessing tailored for 
medical imaging variability, alongside explainability through Grad-CAM vis-
ualization for clinical interpretability. Despite promising performance, the 
study was limited by dataset size and diversity, highlighting the need for larger 
multi-institutional validation to ensure broader clinical applicability.  
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1. Introduction 

In medical terms, a stroke, mostly known as a cerebrovascular accident (CVA), 
occurs due to unsteady blood flow to the cerebral arteries, brainstem, and cerebel-
lum of brain tissue. It is a life-threatening medical illness in which blood flow to a 
portion of the brain is cut off. The lack of blood flow in the brain tissue is also 
responsible for damage or death of brain tissues; this is why a stroke is called a 
brain attack [1]. It is one of the most significant life-threatening illnesses, resulting 
in lifelong impairments or death. Stroke is ranked 5th among the leading causes 
of disability and death in the United States [2] [3]. 

Stroke is a medical emergency that can lead to death or permanent disability. It 
is a life-threatening disease that can lead to death in some cases. There are several 
types of strokes, and the three main types are ischemic, hemorrhagic, and transi-
ent ischemic attacks [4]. Ischemic stroke: An ischemic stroke is mainly generalized 
from a stroke in which there is impaired blood flow to the brain. Individual brain 
cells die within a minute due to a lack of blood flow. A report stated that this type 
of stroke occurs in 85% of the world [5]. This type of stroke is hypotensive [6]. 
Hemorrhagic Stroke: Cerebral hemorrhage is caused by cerebrum spillages. Hem-
orrhagic stroke occurs due to bleeding in the brain. It may originate in the brain 
and spread to other parts of the body. The second type of stroke is a less common 
hemorrhagic stroke with the potential to invade the territory [7]. Transient is-
chemic stroke: A mini-stroke occurs when the blood flow to the brain is inter-
rupted. This can also occur in the presence of air bubbles. This lasts for a short 
period of time. It generally takes 1 - 5 minutes, but in rare cases, it takes nearly 24 
h [8]. 

In the deep learning (DL) approach, knowledge acquisition is facilitated by the 
iterative processing of data across numerous layers within a computational model 
known as a deep neural network (DNN). Machine learning (ML) and DNNs are 
considerably more efficient in detecting the type of stroke and the possibility of a 
stroke. Stroke pre-identification and specification are challenging in the current 
era. A significant issue is that the physical structure of humans, such as the size, 
shape, and structure of the human brain, differs from that of other species. Con-
sequently, the shapes, locations, and structures of medical anomalies such as brain 
strokes are highly variable. Recent deep learning systems have demonstrated near-
expert performance in automatic ICH detection and subtype classification, with 
AUC values close to 0.99 [9]. 

Collaboration with healthcare professionals is essential for precise medical im-
age analysis. Stroke can easily worsen a patient’s condition if they have cardiac, 

https://doi.org/10.4236/jcc.2025.1310008


M. Rahman et al. 
 

 

DOI: 10.4236/jcc.2025.1310008 130 Journal of Computer and Communications 
 

kidney, brain, or other related health problems. The involvement of modern tech-
nology in the medical sector is increasing. Medical treatment depends on a better 
understanding and identification of the disease itself. The application of artificial 
intelligence (AI) and ML makes our lives easier. AI-assisted triage has already 
shown potential to reduce the time to treatment and improve patient outcomes in 
real-world emergency settings [10]. Thus, enhancing healthcare is crucial for im-
proving human life. DNNs can help the medical industry detect early stages of 
stroke from medical images, such as magnetic resonance imaging (MRI), com-
puted tomography (CT) images, and X-radiation (X-ray). The main goal of this 
study was to detect the current stage of stroke using convolutional neural net-
works (CNN) and DL approaches before severe medical analysis. The traditional 
method for solving this problem was considered, and this study included a sum-
mary of a few techniques for solving similar problems in medicine. This study 
observes and implements the approaches discussed and emphasized. 

In the present world, the doctor-patient ratio is 1:250 [11], where four doctors 
are assigned to thousand patients. The above statistics show that a limited number 
of people are involved in medical science and other related fields. However, the 
mortality rate associated with stroke is considerably higher than that of other ma-
jor diseases. Additionally, the shortage of doctors specializing in stroke care cre-
ates significant challenges for patients. In this scenario, rural people cannot re-
ceive proper treatment for viral diseases in the early stages. Stroke and other med-
ical-related documents are much easier for this specific medical professional to 
understand than for laypersons to understand. Medical science is rapidly adapting 
to modern technology. With the rapid growth of advanced technology, other med-
ical professionals can easily understand diseases and suggest specific treatments. 
We aim to improve the CNN model so that it can efficiently detect stroke images 
and describe the related objectives here.  
 A model has been proposed that improves accuracy by training with a large 

amount of image data with adequate pre-processing.  
 A pretrained EfficientNetB2 with custom layers, including multiple convolu-

tion layers with Rectified Linear Unit (ReLU) activation, has been presented, 
where each layer is followed by maxpooling for feature extraction, reducing the 
spatial dimensions that will reduce computational cost and prevent overfitting.  

 Providing comprehensive external validation across multiple independent da-
tasets to demonstrate generalizability. 

 The proposed Hem-CNN model is enhanced by detecting essential features 
such as edges, corners, etc. In addition, we developed an efficient model for hem-
orrhagic stroke-related CT images.  

The remainder of this paper is organized as follows: Section 2 presents the Lit-
erature Review; Section 3 presents the proposed methodology, including image 
preprocessing and details of the proposed method; Section 4 presents an overview 
of the datasets and the results; and finally, the conclusion is presented in Section 
5. 

https://doi.org/10.4236/jcc.2025.1310008


M. Rahman et al. 
 

 

DOI: 10.4236/jcc.2025.1310008 131 Journal of Computer and Communications 
 

2. Literature Review 

Recent research has used DL and ML in medical imaging. This has driven the 
adoption of DL and ML methodologies to ensure the precise and effective delivery 
of medical care [12]. It is essential to acknowledge the sensitivity of medical-image 
processing. Therefore, DL and ML are best used to teach machines to identify dis-
ease patterns. Image recognition using DNNs has recently been successful. It is 
also used in medical science to develop advanced technologies. Additionally, nu-
merous other popular deep learning (DL) and machine learning (ML) techniques 
are available and have been utilized in medical research. 

The emergence of ML and DNN has enabled researchers to address real-world 
problems effectively. Noboranjan et al. [13] employed data augmentation and fea-
ture extraction techniques to ensure user authentication and prevent unauthor-
ized access, thus maintaining data security. Rahman et al. [14] [15] take advantage 
of traditional ML models to address everyday challenges and enhance users’ qual-
ity of life. Similarly, Anjir et al. [16] applied transfer learning to demonstrate the 
impact of user behavior on the COVID-19 pandemic. Machine learning models 
trained on CT imaging have also been shown to effectively classify ICH, highlight-
ing the potential of both traditional and deep learning techniques [17]. The rapid 
advancement of technology and the growth of the ML field can effectively support 
and promote a healthy lifestyle. 

Cheon et al. [12] introduced a predictive model utilizing DL to identify factors 
affecting stroke mortality in the Korean population. The researchers used stroke 
data from 15,099 patients obtained from the Korean National Hospital Discharge 
In-depth Injury Survey (KNHDS). In addition, they applied principal component 
analysis (PCA) featuring quantile scaling to extract relevant background charac-
teristics from the patient data set. It achieved 84.03% accuracy, where they con-
sidered the Area Under the Curve (AUC) value as their primary parameter, gen-
erating a value of 83.48%. 

A recent study introduced a deep learning algorithm for acute ICH detection, 
showing that AI assistance significantly improved radiologists’ performance [18]. 
B. R. Gaidhani et al. [19] conducted ML research that utilized two different CNN 
architectures, LeNet and SegNet, which were used in distinct phases. The LeNet 
architecture was employed in the classification phase, and SegNet was utilized in 
the segmentation phase. Additionally, the researchers employed several other steps 
in the study, including data acquisition, preprocessing, model building, model 
compiling, model fitting, testing, and prediction during the classification phase. 
They demonstrated the prediction results for normal and abnormal medical im-
ages. In contrast, the segmentation phase involves model building, model compil-
ing, model fitting, testing, and prediction steps, and the segmented model predicts 
the abnormal regions of the brain. The classification model achieved an accuracy 
of 96%, and the segmentation had 85% accuracy. In a real-life evaluation of AI-
based CT analysis, the system achieved sensitivity of 88.8% and specificity of 92.1%, 
with near-perfect accuracy when combined with radiologists [20]. A 2025 meta-
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analysis confirmed that DL models consistently outperform traditional radiolog-
ical approaches in ICH detection across diverse datasets [21]. Anoop Kumar [22] 
attempted to detect stroke using three DL models: DNN, recurrent neural net-
works (RNN), and K-nearest neighbors (KNN) algorithms. In this study, they sug-
gested a way to compare these DNNs and defined the types of strokes using Arti-
ficial Neural Networks (ANN) and Support Vector Machine (SVM) classification 
methods. According to their observations, RNN achieved an outstanding accuracy 
of 98% with a minimum mean squared error (MSE) on the dataset. Liu et al. [23] 
carried out another study on deep convolutional neural networks (Deep-CNN) to 
automatically identify acute ischemic stroke lesions from different types of MRI 
data. In addition to DL, data fusion and augmentation techniques were used to 
enhance the dataset. Their research proposed a Res-CNN framework that was ap-
plied to both the SPES and LHC datasets. Their model combined a similar U-
shape architecture with residual units that alleviated the vanishing gradient prob-
lem. Among the seven neural networks evaluated, the Res-CNN model performed 
better than the other networks. They used the average DICE coefficient as the sig-
nificant experimental parameter, which was calculated to be 74.20%. The average 
DICE coefficient is defined as the proportion of common elements between two 
datasets to the intersection of the respective sets. To address data-sharing limita-
tions, federated learning frameworks have been proposed to train ICH detection 
models collaboratively across institutions without data transfer [24]. 

To identify strokes from CT scan images of the human brain, Pereira et al. [25] 
proposed a DNN architecture using two different datasets: ImageNet and CIFAR-
10. They considered two different types of strokes; therefore, the entire dataset 
was partitioned into three categories: healthy brain, ischemic stroke, and hemor-
rhagic stroke. Furthermore, they used a Particle Swarm Optimization (PSO) opti-
mizer in their research to fine-tune the CNN hyperparameters to minimize the 
loss function over the training set. 

Jiang [26] proposed a computer vision-based technology to detect ischemic 
stroke from CT scan images. The author presented a cascading approach called 
the Cascade Branch Compression Dense Network (CBCDN) to define stroke le-
sions. This study collected 30,570 grayscale brain CT scan images from 319 patients 
across five hospitals in China. From this database, the model was trained using 
21,617 samples, cross-validated with 4395 samples, and tested using 4558 samples. 
Their model achieved a satisfactory accuracy of 87.48%. The results were com-
pared with the training outcomes of sophisticated architectures such as DenseNet-
121, DenseNet-169, ResNet-110, ResNet-164, and Wide Residual Networks (WRN). 
Emerging research has also explored DL models tailored for etiology identifica-
tion of hemorrhages directly from NCCT scans [27]. 

Previous studies were positive and demonstrated the thorough identification of 
different types of stroke. The proposed work focuses on intracranial hemorrhage, 
a crucial stroke type. Recently, transformer-based architectures have been intro-
duced for ICH detection, with entropy-aware fusion strategies showing promising 
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improvements over conventional CNNs [28]. A novel deep-CNN-based approach 
was illustrated using some existing technologies, such as a pretrained Efficient-
NetB2 with custom layers with ReLU activation, and each layer was followed by 
maxpooling and dropout. The primary focus of this study was to correctly detect 
the intracranial hemorrhage stroke region in medical images. A comparative table 
of the reviewed studies is presented in Table 1. 
 
Table 1. Comparison of technical specifications and performance metrics of reviewed re-
search. 

Study 
Primary 
Method 

Imaging 
Modality 

Dataset Size 
Best 

Performance 
Validation 

Type 

Cheon et al. 
[12] 

DL + PCA 
Clinical 

Data 
15,099 

patients 
84.03% 

accuracy 
Single cohort 

Gaidhani et al. 
[19] 

LeNet + SegNet CT/MRI 
Not 

specified 
96% 

classification 
Internal only 

AI System [20] CNN-based CT 
Clinical 
dataset 

88.8% 
sensitivity 

Real-world 

Kumar [22] RNN 
Not speci-

fied 
Not 

specified 
98% 

accuracy 
Not specified 

Liu et al. [23] Res-CNN MRI SPES + LHC 
74.20% 
DICE 

Cross-dataset 

Jiang [26] CBCDN CT 
30,570 
images 

87.48% 
accuracy 

Multi-hospital 

3. Methodology 

The methodology section of the paper offers an in-depth look at the structured 
approach employed in this study, focusing on the three components. The first step 
is image preprocessing, which involves enhancing and standardizing raw medical 
images to prepare them for further analysis. The proposed Hem-CNN model with 
a technical architecture, which describes the specific CNN architecture designed 
for intracranial hemorrhage detection, is described in detail. Finally, the overall 
system design is presented, demonstrating how preprocessing, model training, 
and performance evaluation work together in a unified manner to achieve strong 
and accurate classification results. 

3.1. Image Pre-Processing 

Image preprocessing is essential for preparing raw medical images for analysis and 
classification using DL models. For the Hem-CNN model, we implemented a sys-
tematic preprocessing pipeline to ensure that the input data are of high quality 
and consistent, thereby enabling the model to accurately differentiate between 
stroke and normal images. The standardized Brain Stroke CT Image Dataset was 
used, which includes two categories: 950 images showing stroke-affected brain re-
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gions and 1551 normal brain images. Given the heterogeneity in acquisition con-
ditions, including variations in imaging equipment, resolution, lighting, and con-
trast, extensive preprocessing was applied to standardize the dataset before feed-
ing it into the CNN. Figure 1 illustrates the preprocessing workflow. 
 

 

Figure 1. Image preprocessing steps. 

3.1.1. Noise Removal 
To reduce the impact of imaging artifacts and distortions, we employed two com-
plementary denoising techniques. A 3 × 3 median filter was used to suppress salt-
and-pepper noise, while a Gaussian filter with a kernel size of 5 × 5 and a standard 
deviation of 1.0σ =  was applied to reduce Gaussian noise. These methods were 
selected to preserve edges and fine details while improving the signal-to-noise ra-
tio (SNR), ensuring that diagnostically relevant structures remained intact. 

3.1.2. Image Filtering 
Following denoising, image filtering was performed to enhance contrast and high-
light subtle differences in brain tissue structures. First, Contrast-Limited Adaptive 
Histogram Equalization (CLAHE) was applied with a clip limit of 2.0 and a tile 
grid size of 8 × 8 to improve local contrast in small regions while preventing over-
amplification of noise. Subsequently, global histogram equalization was applied 
with pixel intensity values normalized to the range [0, 255] to ensure a consistent 
dynamic range across the dataset. 

For further refinement, the green channel was extracted before grayscale con-
version, as prior studies have shown that it retains the most diagnostically signif-
icant information. This approach reduced computational complexity while main-
taining structural fidelity. Figure 2 shows the complete filtering process. 
 

 

Figure 2. Image filtering step. 

3.1.3. Data Transformation and Resizing 
The pixel intensity values of the filtered images were normalized to the range [0, 
1], compatible with the ReLU activation functions in the CNN layers. This nor-
malization minimized the impact of brightness and contrast variations caused by 
differences in imaging conditions. 

All images were resized to 224 × 224 pixels using bilinear interpolation, which 
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balances smoothness and sharpness for medical imaging. Aspect ratio was pre-
served through center-cropping followed by resizing to avoid geometric distor-
tions. This resizing ensured uniform input dimensions, enabling efficient batch 
training and stable memory utilization. 

3.1.4. Dataset Preparation 
The final preprocessed dataset consisted of cleaned, filtered, normalized, and 
resized images, categorized into stroke and normal classes. These standardized 
preprocessing steps ensured that the Hem-CNN model received consistent, high-
quality data inputs, enabling robust learning and accurate classification perfor-
mance. 

3.1.5. Reproducibility and Transparency 
To promote transparency and reproducibility, the complete preprocessing pipe-
line, including scripts for noise removal, filtering, transformation, and resizing, 
has been implemented in Python (OpenCV and NumPy) and will be made avail-
able upon request through a public GitHub repository. This will allow researchers 
to replicate and extend our work in related medical imaging studies. 

3.2. Proposed Model 

The proposed Hem-CNN model is a Deep-CNN developed to effectively extend 
the power of a pretrained model with a custom layer architecture to accurately 
classify stroke images. As shown in Figure 3, the architecture begins with an input 
image with dimensions 224 × 224 × 3 pixels. 
 

 

Figure 3. Proposed model architecture. 
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To enrich the advantages of transfer learning, the model initially passes the in-
put through EfficientNetB2, a well-known pretrained CNN architecture. It bal-
ances the model depth, width, and resolution to achieve higher accuracy with 
fewer parameters. Generally, EfficientNetB2 can find important details, such as 
areas with different densities and blurry spots, and identify the thick Middle Cer-
ebral Artery (MCA) sign after analyzing input images, which speeds up the learn-
ing process while maintaining high accuracy. Following the EfficientNetB2 feature 
extraction, the model employs custom layers, where 32 filters are first applied, 
each with a size of 3 × 3, over the input image. This process creates a 224 × 224 
feature map with 32 channels that includes the essential features of an image. A 
ReLU activation function was applied to introduce nonlinearity, allowing the net-
work to learn complex data patterns. 

A max pooling layer with a 2 × 2 window was used after the first convolution. 
Here, max pooling decreases the spatial dimensions of the feature maps by select-
ing the maximum value from each 2 × 2 zone, resulting in a downsampled feature 
map of 112 × 112. Next, the model adds another convolutional layer that uses 64 
filters of size 3 × 3 on the feature maps from the previous layer. This process im-
proved the network’s capacity to recognize more complex characteristics, produc-
ing a 112 × 112 × 64 output shape. The ReLU activation is again applied to intro-
duce a nonlinearity. The output is then passed through another max pooling layer 
with a 2 × 2 window, reducing the dimensions to 56 × 56, followed by dropout to 
prevent overfitting. As the network deepened, a third convolutional layer was in-
troduced with 128 filter units. This layer generates a 56 × 56 × 128 output by per-
forming feature extraction. The model can collect even more abstract elements 
because the fourth convolutional layer increases the depth of the feature maps to 
256 pixels. The maximum pooling layer lowers the output to 14 × 14 after ReLU 
activation, and dropout is applied to avoid overfitting. Finally, a fifth convolu-
tional layer with 512 filters was applied, producing a feature map of size 14 × 14 
× 512. This layer allows the network to capture highly abstract features that are 
crucial for accurate classification of the data. In the last stages of the network, the 
14 × 14 × 512 feature map was flattened into a single vector and run through a 
sigmoid activation function. The sigmoid function is particularly useful for binary 
classification problems because it returns a number between 0 and 1, indicating 
that the input image belongs to the stroke or normal class. In general, Efficient-
NetB2 with a special mix of layers, which we name Hem-CNN, can enhance de-
tection accuracy and strength by helping the model learn detailed and organized 
features of hemorrhages. 

To ensure reproducibility of our results, the Hem-CNN was trained under a 
fixed configuration which is summarized in Table 2. We employed the AdamW 
optimizer with weight decay = 1 × 10−4 and gradient clipping at 2 1.0L = . The 
initial learning rate was set to 3 × 10−4, decayed to 1 × 10−6 using cosine annealing 
with a 5-epoch warm-up, and further reduced by a factor of 0.5 on validation plat-
eaus. The batch size was 16 with mixed precision enabled. Training was performed 
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for a maximum of 100 epochs, with early stopping applied if the validation loss did 
not improve for 10 consecutive epochs ( 3Δ 10−= ). Regularisation included progres-
sive dropout ( { }0.20,0.30,0.40p =  across convolutional blocks and 0.50p =  
before the classifier), 2L  penalties via AdamW, and extensive data augmentation 
(random rotation ±10˚, horizontal/vertical flip with 0.5p = , and random bright-
ness/contrast adjustment ±10%). The loss function was binary cross-entropy with 
logits, with class weights computed from the training distribution to address im-
balance ( stroke 0.47w ≈ , normal 0.53w ≈ ). Images were preprocessed by resizing to 
224 × 224 and normalized with ImageNet mean and standard deviation. Dataset 
splitting was stratified at the patient level (train/validation/test = 70/15/15). The 
best model checkpoint was chosen based on validation AUC, and all results re-
ported were computed on the unseen test set. Initialization used ImageNet weights 
for EfficientNetB2 and Kaiming normal initialization for custom layers, with ran-
dom seed 42 fixed across NumPy and PyTorch for reproducibility. Experiments 
were executed on CUDA with cuDNN, and PyTorch with torchvision (exact ver-
sions specified in the project repository). 
 
Table 2. Training hyper-parameters of the proposed Hem-CNN model. 

Parameter Configuration 

Optimizer AdamW (weight decay 1 × 10−4); gradient clipping 2 1.0L =  

Learning rate 
(LR) 

Initial 3 × 10−4; cosine annealing to 1 × 10−6; 5-epoch warm-up 

Batch size 16 (mixed precision, AMP enabled) 

Epochs 
Maximum 100; early stopping on validation loss 
(patience = 10, 3Δ 10−= ) 

LR scheduling 
Reduce on plateau: factor 0.5 if no improvement for 3 epochs 
(floor 1 × 10−6) 

Regularisation 
Dropout { }0.20,0.30,0.40p =  across conv blocks; 0.50p =  before 

classifier; 2L  via AdamW; data augmentation (rotation ±10˚, 
horizontal/vertical flip 0.5p = , brightness/contrast ±10%) 

Loss function 
Binary cross-entropy with logits (BCEWithLogits); class weights 

2c
c

Nw
n

=  (stroke ≈ 0.47, normal ≈ 0.53) 

3.3. Explainable AI 

Gradient-weighted Class Activation Mapping (Grad-CAM) highlights the im-
portant image regions by utilizing the gradients of the target class score with re-
spect to the feature maps of a convolutional layer. Given the class score cy  and 
feature maps kA , the importance weights are computed as  

 
1 ,

c
c
k k

i j ij

y
Z A

α ∂
=

∂∑∑  (1) 
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where Z  denotes the number of pixels in the feature map. The final Grad-CAM 
heatmap is obtained by a weighted combination followed by a ReLU function:  

 Grad-CAM ReLU .c c k
k

k
L Aα =  

 
∑  (2) 

3.4. System Architecture 

The process begins with input images that serve as foundational data for the anal-
ysis. Figure 4 shows a visual representation of the proposed system architecture. 
The system undergoes image processing, which is a significant advance in prepar-
ing the raw images for analysis. This stage involves several methods, including 
feature extraction, contrast enhancement, and noise reduction, which emphasize 
the pertinent aspects of the images that are necessary for precise detection. 
 

 

Figure 4. System Architecture of the proposed model. 
 

The processed images were divided into training, validation, and test sets dur-
ing the dataset splitting stage. This was performed to ensure that the model was 
trained on a representative subset of the data and that its performance was as-
sessed impartially based on data that had not yet been seen. After the dataset was 
prepared, the images were fed into the proposed Hem-CNN network. This deep-
CNN is particularly intended to evaluate images and learn complicated patterns 
that discriminate between normal and stroke images. The network is built to grad-
ually pick up features, starting with simple edges and moving to more complex 
patterns, which ultimately helps in accurately identifying intracranial hemor-
rhages. After training the model, a performance analysis was performed to assess 
its efficacy. The results of this analysis offer observations about the model’s 
strengths and potential areas for improvement. Finally, the system culminates in 
the intracranial hemorrhage detection phase, in which the trained model is used 
to classify new images. The developed system effectively leverages the learned fea-
tures to accurately assess the presence of hemorrhages, providing essential in-
sights that contribute to informed medical diagnosis and treatment planning. The 
entire process, from input images to final detection, creates a holistic system that 
addresses a key medical challenge by utilizing modern image processing and DL 
approaches. 

The proposed system architecture offers a robust and efficient approach for de-
tecting intracranial hemorrhages using advanced Deep Learning (DL) techniques. 
The system effectively manages CT imaging data and accurately detects hemor-
rhages using advanced image processing methods, a specially designed Hem-CNN 
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network, and rigorous performance testing. This comprehensive approach en-
hances diagnostic accuracy and contributes to timely and effective treatment of 
patients. The success of this system demonstrates the promise of combining state-
of-the-art image processing and DL methodologies in medical image analysis, 
which will lead to future advancements in automated diagnosis and healthcare 
technologies. 

4. Experimental Results and Discussion 
4.1. Experimental Setup 

All experiments for developing, training, and evaluating the Hem-CNN model 
were conducted on the Google Colaboratory (Colab) platform, leveraging its cloud-
based resources and GPU-acceleration. Specifically, we utilized an NVIDIA Tesla 
T4 GPU with 8.1 TFLOPS of single-precision performance and 16 GB of GDDR6 
VRAM, paired with an Intel® Xeon® CPU @ 2.20 GHz (2 cores) and 25 GB of sys-
tem RAM using TensorFlow 2.10.0 and Keras 2.10.0, respectively. 

4.2. Dataset 

Kaggle is an online platform that brings together data scientists and ML practi-
tioners. It allows users to find and share datasets, create and test ML models in an 
interactive environment, collaborate with peers, and participate in competitions 
that focus on solving data science problems. The Brain Stroke CT Image Dataset 
[29] provides a collection of annotated CT scan slices, highlighting the presence 
of hemorrhage and categorizing them into two classes: Normal and Stroke. A 
summary of the dataset properties is presented in Table 3. 
 
Table 3. Dataset information. 

Attribute Value 

Dataset Name Brain Stroke CT Image Dataset [29] 

Data Type JPG format 

Total Patients 82 

Total CT Scan Slices 2501 

Normal Patients 51 

Normal CT Scan Slices 1551 (62%) 

Stroke Patients 31 

Stroke CT Scan Slices 950 (38%) 

Stroke CT Scan Slices/Patient ≈30 

 
The dataset consists of 2501 CT scan slices collected from 82 patients, with 51 

normal (62%) and 31 stroke (38%). On average, each patient contributed approx-
imately 30 slices, stored in JPG format. To avoid slice-level data leakage and en-
sure a fair evaluation, dataset splitting was performed strictly at the patient level. 
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Specifically, patients were randomly divided into training (60%, 49 patients), val-
idation (20%, 16 patients), and testing (20%, 17 patients) groups, with all slices 
from a given patient confined to a single group. This guarantees that the model 
does not encounter slices from the same patient in both training and evaluation 
phases [30] [31]. 

Figure 5 illustrates a pie chart showing the slice-level frequency distribution of 
the dataset. Despite its usefulness, the dataset is relatively small for deep learning 
applications, which may limit the generalizability of models trained on it. This 
limitation is acknowledged and considered in the experimental design. 
 

 

Figure 5. Frequency distribution of the dataset. 

4.3. Result and Discussion 

The experimental results provide a detailed comparison of several state-of-the-art 
DL models for intracranial hemorrhage (ICH) detection. Table 4 presents the per-
formance comparison. This study showed important differences in performance 
among the six models: VGG19, XceptionNet, ResNet152, DenseNet169, Efficient-
NetB2, and the proposed Hem-CNN model. The performance of each model was 
evaluated using accuracy, precision, recall, specificity, F1 score, and the area under 
the ROC curve (AUC), which provides a threshold-independent measure of clas-
sification ability and facilitates comparison with prior ICH studies. 
 
Table 4. Performance comparison of proposed hem-CNN model with state-of-the-art 
models. 

Model Name Accuracy Precision Recall Specificity F1 Score AUC 

VGG19 84.09% 78.46% 80.42% 86.42% 79.21% 0.87 

XceptionNet 88.40% 85.11% 84.21% 91.00% 84.50% 0.91 

ResNet152 89.60% 87.10% 85.26% 92.26% 86.20% 0.92 

DenseNet169 91.80% 91.16% 86.84% 94.84% 88.90% 0.94 

EfficientNetB2 94.40% 94.51% 90.53% 96.77% 92.50% 0.96 

Hem-CNN 
(Proposed)1 

97.80% 96.86% 97.37% 98.06% 97.10% 0.99 

 
1Proposed in this work. 
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During preprocessing, we examined potential class imbalance between stroke 
(38%) and normal (62%) cases. To address this, data augmentation techniques 
(horizontal/vertical flips, rotations, and intensity normalization) were applied to 
increase the variability of minority class samples, and a class-weighted cross-en-
tropy loss function was used to reduce bias toward the majority class. These strat-
egies ensured that the model maintained balanced sensitivity (recall) and specific-
ity across both classes, avoiding skewed performance. 

The confusion matrix for Hem-CNN in Figure 6 further illustrates its robust-
ness. Of the 310 test images (20% of the dataset), Hem-CNN correctly classified 
151/155 hemorrhage cases and 150/155 normal cases. Only a few misclassifica-
tions occurred (four false negatives and five false positives). 
 

 

Figure 6. Confusion matrix of the proposed Hem-CNN model. 
 

The proposed Hem-CNN significantly outperformed the other models across 
all metrics. It achieved an AUC of 0.99 (depicted in Figure 7), highlighting its 
near-perfect ability to distinguish stroke from normal images across varying thresh-
olds, a result that aligns favorably with or surpasses prior ICH detection frame-
works [9] [26] [27]. Figure 8 provides a comparative visualization of different 
models evaluated using accuracy, precision, recall, specificity, and F1-score. 

Overall, the Hem-CNN model demonstrated superior performance, achieving 
97.80% accuracy, 96.86% precision, 97.37% recall, 98.06% specificity, 97.10% F1 
score, and an AUC of 0.99. These results confirm that the proposed architecture 
is not only highly accurate but also robust and reliable for medical diagnostic ap-
plications, with strong potential for clinical adoption. 
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Figure 7. ROC curve of the proposed Hem-CNN. 
 

 

Figure 8. Comparison of deep learning models across evaluation metrics. 

4.4. Explainable AI Results 

The Grad-CAM visualization shown in Figure 9 highlights the discriminative re-
gions of brain CT scans that contributed most to the classification decision. For 
the healthy samples, the activation maps showed diffuse and lower-intensity re-
gions, indicating that the model focused less on any specific abnormal area. In 
contrast, the unhealthy scans demonstrated high-intensity activations in localized 
regions, particularly around suspected tumor sites, which strongly influenced model 
predictions. The overlay images confirmed that the highlighted regions corre-
sponded to clinically relevant abnormal structures rather than irrelevant back-
ground features. This method is crucial for brain-tumor classification, as it not 
only improves model transparency and trustworthiness but also assists clinicians 
in validating that the model’s focus aligns with pathologically significant regions, 
thereby enhancing decision support in medical imaging. 
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Figure 9. Grad-CAM showing model focus on abnormal regions in brain tumor classifica-
tion. 
 

The experimental evaluation clearly demonstrated that the proposed Hem-
CNN model significantly outperformed established deep learning architectures, 
including VGG19, ResNet152, DenseNet169, XceptionNet, and EfficientNetB2, 
across all performance metrics. With an accuracy of 97.80%, precision of 96.86%, 
recall of 97.37%, specificity of 98.06%, and an F1-score of 97.10%, Hem-CNN 
achieved the highest reliability and robustness for classifying stroke and normal 
CT images. Confusion matrix analysis confirmed a low rate of false positives and 
false negatives, reinforcing its clinical applicability. Furthermore, Grad-CAM visu-
alizations validated the decision-making process of the model by localizing patho-
logically relevant regions, thereby enhancing interpretability and trustworthiness. 
Overall, these results highlight Hem-CNN as a promising and explainable diagnos-
tic framework for the accurate and efficient detection of intracranial hemorrhage, 
with strong potential for real-world integration into medical imaging systems. 

5. Conclusion 

Early detection of stroke and its specification are considerably challenging in the 
current era. Stroke can easily worsen the condition of patients with cardiac, kidney, 
and brain-related problems. We proposed a Hem-CNN model that can efficiently 
detect stroke. Stroke detection from CT images of the human brain achieved 
promising results using our model with a classification accuracy of nearly 97.80%. 
We improved the Hem-CNN model by adjusting its depth to reduce the calcula-
tion time. This makes it an ideal model for any stroke-related CT dataset. We 
aimed to reduce the time required to predict stroke by utilizing trained models. 
This research has the potential to impact the medical sector by further enhancing 
stroke detection based on CT scan image analysis. Due to lack of data, it was dif-
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ficult to address the categorical classification of brain CT scan images, where we 
intended to build a model that would identify all three types of strokes: ischemic 
stroke, hemorrhagic stroke, and transient ischemic attack. However, in this study, 
we specifically focused on hemorrhagic stroke. In future work, we plan to create 
an application using the Hem-CNN model that can classify strokes and identify 
stroke-affected areas in the respective regions of the brain. Our future work will 
explore transformer-based hybrid models and clinical workflow integration. This 
will help doctors easily identify problems in a short time. Conversely, patients will 
be able to independently understand the predicted results and analysis reports re-
lated to their healthcare issues. 
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