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Abstract

Stroke detection and classification from computed tomography (CT) remains a critical and challenging task in medical imaging
due to the complexity of lesion patterns, noise variations and unbalanced datasets. In this study, we propose a novel hybrid
deep learning model, StrokeFuse-AttnNet, which integrates both global (ResNet50) and local (DenseNet121) convolutional
feature extractors with a self-attention mechanism to improve spatial focus and semantic interpretability. A hierarchical feature
fusion strategy concatenates multi-scale features, which are then processed by a self-attention module to highlight key stroke
regions and reduce irrelevant activations. We use data augmentation and SMOTE on training samples to address imbalance
and improve generalization. The proposed model was evaluated on both publicly and privately available brain CT datasets.
StrokeFuse-AttnNet achieved an accuracy of 98.27% and an AUC of 0.983 on the public dataset and an accuracy of 96.04%
and an AUC of 0.9501 on the private dataset. The results show that the model has higher accuracy, reliability and generalization
than existing and baseline methods. The proposed model is lightweight, with only 32 million parameters and can be used in
real-time clinical diagnostic processing systems that require 40 GFLOPs. The model has the potential to support radiologists
in the efficient and rapid diagnosis of strokes on non-contrast CT images.
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Introduction

Stroke is a cardiovascular disease caused by an interrup-
tion of blood supply to the brain and remains a significant
health burden worldwide. It also contributes to high global
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sion trees, rely on manually engineered high-level features
derived from predefined brain regions or clinical variables.
In contrast, deep learning approaches automatically learn
hierarchical feature representations directly from raw neu-
roimages. Deep learning methods, especially convolutional
neural networks (CNNs) [6], automatically learn hierarchical
representations in raw neuroimages without manual feature
generation, significantly reducing the number of manually
created features [7]. Existing stroke diagnostic models based
on deep learning have adopted architectures such as U-Net
and EfficientNet for segmentation and detection and have
made significant progress in identifying cerebral haemor-
rhage and ischaemic regions [8]. These models outperform
conventional methods by detecting smaller pathological pat-
terns that are undetectable through clinical observation. Fur-
thermore, CNNs and texture-based deep feature extractors
have significantly improved classification accuracy, demon-
strating that deep learning-based systems can assist in clinical
decision support [9, 10]. The proposed StrokeFuse-AttnNet
model extends this deep learning-based approach by fus-
ing multiscale features from ResNet50 and DenseNetl21,
which are further refined using a self-attention mechanism
to enhance the reliability and interpretability of the classifica-
tion. The Fig. 1 shows CT scans from the datasets, displaying
both normal and stroke cases.

This study proposes a deep learning approach that inte-
grates ResNet50, DenseNetl21and Self-Attention. The mo
del combines these architectures to effectively process brain
CT images in greyscale. The study uses both public data
and private data from the Chulalongkorn Stroke Center,
making it more practical. Incorporating data from the Chu-
lalongkorn Stroke Center, King Chulalongkorn Memorial
Hospital, enables the model to learn generalizable charac-
teristics that are less represented in public datasets. The
use of two datasets enhances the model’s generalization,
enabling it to better adapt to distinct clinical conditions.
The current model builds on earlier hybrid work in feature
extraction, mechanism modelling and machine learning [11].
CNN backbones with attention mechanisms are effective in
addressing threats to conventional diagnostic workflows. By
employing the self-attention mechanism, the accuracy and
reliability of the model were improved for stroke-related
abnormality detection and classification.

Deep learning plays a significant role in the analysis of CT
non-contrast images, which is important for stroke diagnosis.
Research using CNN architectures with robust preprocessing
and hyperparameter tuning has achieved accuracies above
97% in classifying normal, ischaemic and haemorrhagic
strokes [12, 13]. Recent models such as EfficientNet-B0 and
ResNet50 provide further evidence supporting the clinical
use of these methods. In addition to imaging, machine learn-
ing techniques applied to electronic health records (EHRs)
have identified important risk factors for stroke prediction.
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Stroke prediction has achieved an accuracy of 96.5% using
genetic algorithms and bidirectional long short-term mem-
ory (BiLSTM) models. These approaches allow clinicians to
gain insight into results while significantly reducing manual
analysis [14].

Recent advances in machine learning have shown that
complex, nonlinear relationships in high-dimensional biom
edical data are most effectively modelled using hybrid and
ensemble-based strategies rather than single-model archi-
tectures. Studies indicate that ensemble learning, attention-
guided representations and multi-backbone fusion can signif-
icantly improve robustness, generalization and interpretabil-
ity when handling heterogeneous clinical data [15, 16]. In
particular, attention mechanisms have been successfully used
to selectively emphasise informative feature interactions in
nonlinear systems, while ensemble and hybrid models reduce
overfitting and sensitivity to data variability [17, 18].

More recently, hybrid machine learning frameworks that
combine multiple feature extractors and adaptive weight-
ing schemes have been shown to outperform conventional
deep models across a wide range of applied domains by cap-
turing complementary structural and semantic information
[19]. These findings highlight a broader trend in modern
machine learning towards structured model integration and
interpretable attention mechanisms precisely the challenges
encountered in neuro imaging-based stroke diagnosis, where
lesion appearance, anatomical variability and imaging arte-
facts introduce strong nonlinearity and heterogeneity.

Despite these improvements, several challenges remain,
particularly in developing effective Al models suitable for
resource-constrained environments. To address this, this
study proposes a scalable framework that mitigates compu-
tational limitations through efficient architectural design and
adaptive training strategies. This approach accommodates
diversity in hospital and healthcare structures while ensuring
maximum efficiency and accuracy. The model designed for
stroke detection will enhance the accessibility and reliability
of stroke detection solutions within clinical settings.

The main contributions of this study are as follows:

(i) Proposes StrokeFuse-AttnNet, a hybrid framework com-
bining ResNet50 and DenseNetl121, that extracts both
global and local features from grey-scale CT scan images.

(ii) This study analyzes a hybrid feature fusion strategy using
ResNet50 and DenseNet121 for more reliable visualiza-
tion.

(iii) To strengthen the fused features and identify the hidden
stroke features, a self-attention mechanism is employed.

(iv) With only 32 million parameters and a throughput of 40
gigaFLOPs, the model is computationally efficient and
therefore suitable for real-time application scenarios.
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Fig.1 Few samples CT images from public and private datasets

The proposed study aims to develop advanced artificial intel-
ligence stroke detection techniques and practical solutions to
assist clinicians in low-resource settings. Deep learning algo-
rithms are commonly used in medical imaging to support
early detection and classification of strokes when applied to
computed tomography (CT) images.

The organization of the study is as follows. The literature
on stroke classification and the application of deep learn-
ing in medical imaging is reviewed in “Literature review”.
The materials and methods, preprocessing steps and data
augmentation are described in “Materials and methods”.
“Proposed framework™ describes the architecture and opti-
mization procedure of the proposed StrokeFuse-AttnNet
model. The design and optimization of the model are detailed
in “Training and optimization”; experimental results are dis-
cussed in “Experimental results” and the results are presented
and discussed in “Discussion”. “Conclusion” concludes the
investigation and suggests directions for future studies.

Literature review

Recent studies aim to evaluate different architectures, feature
extraction methods and image pre-processing techniques to
further increase diagnostic accuracy. In general, a deep learn-
ing model using ResNet [20] is used to detect early ischaemic

stroke in non-contrast CT images (NCCT). Research shows
that ResNet can identify early signs of anaerobia due to its
ability to process complex, high-dimensional data. Classifi-
cation of CT images into stroke subtypes is performed using
the ResNet-50 architecture, achieving 98.72% accuracy.
Effective hyperparameter tuning enables this performance,
demonstrating the value of the architecture in stroke detection
[21]. High stroke detection performance is achieved by the
scalable architecture and processing capacity of the industry-
leading EfficientNet-BO solution. Patel et al. (2023) achieve
a stroke classification accuracy of 97% with EfficientNet-BO,
while previous approaches achieve lower performance [22].
A benchmark test was conducted with EfficientNet-BO and
other architectures ResNet101, VGG19 and GoogleNet—
where the highest accuracy of 97.93% was achieved on the
CT dataset, demonstrating the optimal performance of the
model [23].

A computer-aided diagnosis system employs convolu-
tional neural networks to classify CT scans and distinguish
between normal cases, ischaemic strokes and haemorrhages.
Data augmentation includes horizontal flipping with real-
time transformations and early stopping techniques are used
to prevent overfitting. The model achieved an accuracy of
79%, demonstrating that augmentation strategies enhance
generalization abilities [13]. The early stroke detection sys-
tem applies a genetic algorithm for feature selection and
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then uses bidirectional long short-term memory (BiLSTM) to
classify early strokes. Integrating these two methods resulted
in an accuracy of 96.5%, demonstrating their effectiveness
in stroke diagnosis [14].

Hybrid CNN and attention-based mechanisms are increas-
ingly used to diagnose strokes. Abumihsan et al. (2025)
proposed a CBAM-enhanced hybrid CNN model that demon-
strated improved localisation of ischaemic strokes on CT
scans [24]. Similarly, Zhou et al. (2024) used lightweight
attention-based CNNs in mobile gait analysis systems for
post-stroke rehabilitation, emphasizing the role of attention
in real-time applications [25]. Aksoy et al. (2024) optimized
stroke classification by combining pre-trained CNN-LSTM
models with attention modules to process multi-modal clin-
ical inputs [26]. Meanwhile, Vindas et al. (2022) proposed a
CNN transformer for brain embolism detection that, while
not stroke-specific, is an effective multi-feature attention
strategy for neuroimaging applications [27].

A hybrid CNN-RNN system was developed, along with
pre-processing techniques for data segmentation and image
concatenation, to detect intracranial haemorrhages in NCCT
scans. This approach achieved significant performance imp
rovements, with the AUC-ROC increasing from 0.854 to
0.966 with pre-processing and the model [12]. These results
are consistent with the proposed approach, which incorpo-
rates advanced pre-processing and normalisation techniques.
The results of the SqueezeNet and MobileNet models are
combined by feature fusion and then processed with Cat-
Boost for stroke classification. Using this approach, a sig-
nificant accuracy of 99.1% was achieved, demonstrating the
effectiveness of combining deep learning architectures with
traditional machine learning techniques [28]. While machine
learning (ML) and deep learning (DL) systems have been
used for stroke diagnosis, their methods, data requirements
and performance differ. SVMs and decision tree machine
learning models are generally effective for structured tabular
clinical data, especially when datasets are small and features
are expert-engineered. These models are easier to interpret
than others but fail to capture the intricate spatial patterns of
neuroimages and rely heavily on feature quality. In contrast,
deep learning models can easily diagnose medical images.
Convolutional Neural Networks (CNNs) are well suited to
this task. These models perform well in stroke classification,
haemorrhage detection and infarct localisation and automat-
ically extract deep, hierarchical feature representations from
CT or MRI images. When manual feature organization is
infeasible, such as with large imaging datasets, deep learn-
ing models are valuable. They typically require more data,
greater processing power and careful regularization to pre-
vent overfitting.

In addition to deep learning architectures, many machine
learning (ML) paradigms have proven useful for modelling
complex and nonlinear patterns in various scientific and
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engineering applications. Classical and modern neural net-
work—based ML models have been successfully applied to
nonlinear system modelling and prediction tasks, demon-
strating high representational power and adaptability across
domains such as engineering, agriculture and complex sys-
tem analysis [29-31]. In addition to deep learning for images,
these studies demonstrate the flexibility of neural architec-
tures in other problem domains and encourage hybrid designs
that exploit complementary feature representations.

Gaussian process regression has received considerable
attention because its probabilistic nature allows quantifi-
cation of predictive uncertainty. This makes it a valuable
approach in safety-critical and data-limited applications
[32-34]. Although GPR models are often computationally
constrained for high-dimensional image data, their focus
on uncertainty modelling provides important conceptual
insights that complement attention mechanisms used in deep
learning, especially for improving model reliability and inter-
pretability in medical diagnosis.

Graphical and probabilistic models provide a power-
ful framework for learning structured dependencies and
causal relationships among variables [35-37]. These models
emphasize explainability and structured reasoning, which are
increasingly important in clinical decision-support systems.
Although graphical techniques are less suited to direct raw
image processing, their principles of dependency modelling
align with the objective of attention mechanisms, which
selectively emphasise informative regions and feature inter-
actions.

Ensemble and composite learning methods further enha
nce robustness and generalization by integrating multiple
learners, thereby reducing variance and improving stabil-
ity across heterogeneous datasets [38—40]. These strategies
are conceptually related to the proposed hybrid feature
fusion framework, in which complementary representations
extracted from multiple backbone networks are combined to
improve discrimination performance and resilience to dataset
variability.

These broader machine learning paradigms strengthen the
rationale for creating StrokeFuse-AttnNet. The feature fusion
strategy incorporates the ensemble learning principle in its
design. The interpretation of the self-attention mechanism
can be readily aligned with structured dependency mod-
elling in graphical approaches. Additionally, the refinement
of salient features corresponds to uncertainty-aware perspec-
tives in Gaussian process modeling. This method is presented
as part of a unified framework for achieving robustness, inter-
pretability, and high performance across a broad range of
medical imaging tasks, which is an important aspect of the
wider machine learning ecosystem.

Recent advances in medical image analysis have explored
various hybrid and attention-based deep learning architec-
tures, including dual-path networks, attention-gated CNNs
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and feature fusion frameworks, to enhance representation
learning and localization performance. Consequently, such
methods provide improved accuracy for stroke classifica-
tion and other neuroimaging-related tasks. However, most
existing models require evaluation on a single dataset, use
complex multi-head attention mechanisms with high com-
putational costand have limited interpretability for clinical
deployment.

In addition, many previous studies have focused sepa-
rately on global semantic feature extraction or local texture
modelling, which may affect the generalisability of hetero-
geneous clinical datasets. Interpretable models are typically
modified after the architecture, although this involves the top-
ical relevance of the feature. These limitations highlight the
need for a lightweight, interpretable and generalizable frame-
work that integrates complementary feature representations
while remaining suitable for real-world clinical environ-
ments.

The StrokeFuse-AttnNet is a new framework featuring
a hierarchical approach to feature fusion, unlike existing
hybrid and attention-based designs. It combines global fea-
tures from ResNet50 with fine-grained, reusable features
from DenseNetl121, then refines the fused features using a
lightweight self-attention mechanism. This design enables
explicit modelling of complementary feature dependencies
with high efficiency. Furthermore, the proposed framework
adopts a targeted fine-tuning strategy and is systematically
evaluated across both public and private datasets, demon-
strating improved generalization and interpretability. This
study shows that the introduction of attention alone is not
novel, but that elaborate fusion and attention integration can
effectively circumvent important robustness and clinical trust
issues.

Materials and methods
Pre-trained CNN models

Convolutional Neural Networks are deep learning models
widely used for classification and feature extraction tasks
[41]. By using pre-trained models, it is possible to lever-
age features learned from large datasets such as ImageNet
to improve performance and efficiency. In this study, feature
extraction was performed using ResNet50 and DenseNet121.
The architectures of these models contributed to their effec-
tive performance on the dataset.

ResNet50
ResNet50 uses a 50-layer residual connection to address

the problem of vanishing gradients. Skip connections enable
some layers to bypass certain operations, making it easier

to learn deeper patterns without disrupting the network’s
operations. ResNet50 utilises a combination of 3 x 3 and
7 x 7 convolutional kernels, with an input image size of
224 % 224 x 3. To enable ResNet50 to accept single-channel
grayscale CT images, the first convolutional layer was mod-
ified. The final layers were also adjusted to provide binary
stroke classification outputs for this model. In this fine-tuning
process, although the first layers were adapted to this dataset,
the features learned in those layers are retained.

DenseNet121

DenseNet121 is a deep network with 121 layers that employs
complex interconnections. DenseNet differs from traditional
CNNs as it enables the transfer of feature maps to higher
layers [42]. The architecture promotes feature reuse and
reduces redundancy. DenseNet121 uses 7 x 7 kernels in its
first convolutional layer and processes input images of size
224 x 224 x 3. The first convolutional layer receives grayscale
CT images as input and the final classification layers are
modified to detect strokes. The model accurately identifies
complex spatial patterns in images through dense connec-
tions and feature reuse. The proposed model is paired with the
pre-trained models ResNet50 and DenseNetl121. ResNet50
extracts hierarchical features, while DenseNet121 reuses fea-
tures. To enhance spatial perception and classification ability,
a self-attention mechanism is incorporated into the architec-
tures.

Datasets

The proposed model was trained and tested using two distinct
datasets: a publicly available dataset and a private dataset.
The proposed model is robust as it includes both normal and
stroke case CT brain images.

Public Dataset: The public dataset used in this study was
obtained from an openly available brain CT stroke reposi-
tory [43]. The dataset contains non-contrast CT brain images
acquired from various sources and scanners. The images were
obtained according to real-life clinical protocols. There are
natural variations in imaging resolution and scanner man-
ufacturers. Expert radiologists have labelled the images as
normal or stroke. All images are in greyscale. The scanners
and acquisition parameters are not always available in detail,
so this inherent heterogeneity makes it suitable for assessing
the generalisability of deep learning methods.

Private Dataset: A private dataset comprising 6,228 non-
contrast CT brain images was collected from the Chula-
longkorn Stroke Centre. Before analysis, all CT scans were
anonymised and the data were used solely for research in
accordance with the institution’s policies and guidelines.
The study protocol was approved for retrospective analysis
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Table 1 Distribution of classes in public and private datasets

Dataset Stroke cases Normal cases Total
Public dataset 950 (37.98%) 1551 (62.02%) 2501
Private dataset 1868 (29.99%) 4360 (70.01%) 6228
Total 2818 5911 8729

and no identifiable patient information was accessible to the
researchers.

Board-certified neuroradiologists examined each CT scan
and labelled it as normal or stroke. Information on patient
demographics and clinical metadata, including age distribu-
tion, stroke subtype and time since onset, was not consistently
available for all cases and was therefore excluded from the
analysis. This limitation is acknowledged and may affect
subgroup-level interpret ability. however, the dataset reflects
real-world clinical variability and supports evaluation of the
model’s robustness in routine diagnostic settings.

As shown in Table 1, this dataset comprises 8729 CT
images, with 4360 stroke-positive and 4369 normal cases.
Overall, the dataset is fairly balanced. However, there are
different distributions for public and private images in the
dataset. This means the training and testing splits are some-
what imbalanced. When this bias exists, the learning may
also become biased and be less sensitive to minority cases.
To address class imbalance, the training data were balanced
using the Synthetic Minority Over-sampling Technique
(SMOTE). In this study, SMOTE was applied in the feature
space rather than directly in the image space. Specifically,
synthetic samples were generated from deep feature repre-
sentations extracted from the training data by the backbone
networks. Because applying SMOTE directly to pixel values
creates unrealistic artefacts in medical images, our imple-
mentation in feature space prevents this while still improving
class balance during training. Although SMOTE enhances
class distribution, it can generate synthetic samples that do
not accurately reflect variations in pathology. Furthermore,
it may cause decision boundaries to become over-smoothed.
To reduce this risk, SMOTE was applied conservatively and
combined with extensive on-the-fly data augmentation to
maintain feature diversity. Alternative imbalance-handling
techniques using a class-weighted loss or focal loss were
also considered. However, we chose SMOTE for its simplic-
ity, effectiveness on moderate imbalance and because it does
not introduce additional hyperparameters or training insta-
bility.

Data augmentation

An effective data augmentation strategy was used on the fly
during training to reduce overfitting and improve general-
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ization. During each epoch, image inputs were randomly
transformed using a fixed set of augmentations with explic-
itly defined parameters. Specifically, images were randomly
rotated within a range of £15°, horizontally flipped with a
probability of 0.5 and randomly cropped and resized with
a scale factor from 0.8 to 1.0. Brightness and contrast were
adjusted within a range of +20% to simulate illumination
variability and random erasing was applied with a probabil-
ity of 0.2 to mimic partial occlusions commonly observed
in clinical CT scans. The transformations mentioned above
were applied dynamically during training, rather than cre-
ating a static augmented dataset. This enabled the model to
encounter different versions of each class 100 times per train-
ing epoch without increasing the memory footprint. All CT
images were resized to 224 x 224 pixels to ensure compati-
bility with the input dimensions of the pre-trained ResNet50
and DenseNetl121 architectures. The following normaliza-
tion equation was then applied to standardize the input
images.

X —u
Xnormalized = s (D

where 1 = [0.5] and o0 = [0.5], reflecting the grayscale
image of the input data. These augmentations improved per-
formance on the testing dataset with robust training.

Proposed framework

The proposed model begins with feature extraction and con-
cludes with final classification. We propose an integrated
multi-stage process for classifying strokes from CT images.
This framework identifies useful features and redundancies
in the dataset.

The model uses pre-trained, optimized CNNs ResNet50
and DenseNetl21 for CT images. ResNet50 is effective
for feature extraction due to its residual connections, while
DenseNet121 performs well because of its dense connectiv-
ity. The outputs of these models are concatenated to form a
unified feature representation. A self-attention mechanism is
then applied to the concatenated features to highlight the most
important spatial and channel information, thereby improv-
ing classification accuracy. The flow diagram of the proposed
system is shown in the Fig. 2.

Feature extraction

The pre-trained models ResNet50 and DenseNet121 were
modified to process single-channel grey images. The weights
of both models were initialized with ImageNet. The first lay-
ers of all models were retained, as they have the potential
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Fig.2 Framework of the proposed model

to extract useful features. We only modified the last lay-
ers and fine-tuned them. ResNet50 extracts feature maps of
size RV*2948 and DenseNet121 generates feature maps of
size RV*1024 here N denotes the batch size. To evalu-
ate the quality of the extracted features, t-SNE (t-distributed
Stochastic Neighbour Embedding) was applied to the fea-
tures generated by the StrokeFuse-AttnNet model for both
the public and private datasets. The t-SNE visualizations
shown in Figs. 3 and 4 illustrate the separability of the Nor-
mal and Stroke classes in feature space. In both ResNet50
and DenseNet121, feature extraction is performed from the
final convolutional block immediately before the global
average pooling layer.The feature maps produced by the
final convolutional stage are retained and organized to form
high-dimensional feature vectors. This approach preserves
spatially rich representations while capturing high-level
semantics. ResNet50 has a deeper architecture with resid-
ual connections, allowing it to extract features with global
context. In contrast, DenseNet121 has dense feature reuse in
the intermediate layers, enabling it to extract features with
more localised and fine-grained information. The dual use of
these features as both global and local feature extractors in
the proposed hybrid framework.

For the public dataset in Fig. 3, the t-SNE diagram shows
clear clustering of the Normal and Stroke classes, with some
overlap. The features from the data demonstrate moderate
discriminative power, which corresponds with the high score
of 98.54%. In the private dataset in Fig. 4, there is clear
overlap between the Normal and Stroke classes, illustrating
the difficulty in distinguishing these classes. This overlap
corresponds to the lower accuracy of 91% for the Stroke
class, as shown in Table 4. The results show that using self-
attention refinement methods separates learned features more
effectively, leading to higher accuracy.

t-SNE preserves the local neighbourhood structure in a
low-dimensional space for visualisation, without affecting
class separation in the original high-dimensional feature
space. Therefore, the measured overlap in two-dimensional
embeddings does not indicate that the learned features are
less discriminative. The high classification performance on

the private dataset suggests that the model captures complex,
nonlinear feature interactions that are not fully preserved
under dimensionality reduction. We also recognize the pos-
sibility that dataset-specific acquisition characteristics or
scanner-related variations may contribute to model pre-
dictions. Future work will involve institutions conducting
artefact-controlled experiments and validating explainabil-
ity against expert annotations to increase the robustness of
measurements.

Feature fusion strategy

ResNet50 and DenseNet121 were used for feature extraction
and feature concatenation. The concatenated feature vector,
F fusion € RV>*08H1029) " combines global and local fea-
tures from the input images. This hybrid strategy preserves
the complementary advantages of both models. Although
concatenation introduces some unnecessary and irrelevant
data, this is mitigated by self-attention. Before applying
the self-attention mechanism, the concatenated feature vec-
tor is normalized and scaled to ensure numerical stability
and balanced contributions from both backbone networks.
Specifically, batch normalization is applied to the fused fea-
ture representation to standardize feature distributions and
reduce internal covariate shift. Additionally, a learnable scal-
ing parameter adaptively adjusts the magnitude of the fused
features before attention, preventing high-variance feature
channels from deeper layers of ResNet50 from dominating.
This normalization and scaling step improves convergence
stability and enables the attention mechanism to focus on
semantically meaningful feature interactions.

Self-attention mechanism

The self-attention mechanism is used to refine the fused
feature representations by selectively emphasizing the most
informative spatial regions for stroke classification [44]. In
the proposed framework, self-attention is applied to spatially
tokenism feature maps extracted from the final convolutional
blocks of ResNet50 and DenseNet121 before global aver-
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age pooling. Specifically, the spatial feature maps from both
backbones are reshaped into a sequence of tokens and con-
catenated along the channel dimension to form a unified
representation.

Scaled dot-product self-attention is then used to model
long-range dependencies among these spatial tokens, enabling
the network to capture contextual relationships across differ-
ent anatomical regions of the brain. The resulting attention
weights highlight discriminative stroke-related regions while
suppressing irrelevant or noisy activations. The attention-
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refined tokens are subsequently aggregated into a com-
pact feature vector for classification. This spatially aware
attention design improves both classification accuracy and
interpret ability and is consistent with the spatial feature visu-
alizations shown in Figs. 5 and 6.

Training and classification

Fully connected layers are then used to classify the refined
features into two classes. Dropout layers are included to pre-
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vent overfitting and final classification is performed using a
sigmoid activation function. The model is trained with binary
cross-entropy loss and the Adam optimizer. To ensure stable
convergence, a stepwise learning rate scheduler is applied.
Training is conducted with automatic mixed precision (AMP)
on graphics processing units (GPUs). The proposed model
incorporates ResNet50, DenseNetl21 and a self-attention
mechanism for effective visualization and interpretation of
stroke classification using CT.

Model architecture

The proposed model utilises two CNNs pre-trained on
ImageNet: ResNet50 and DenseNet121. These models are
modified for single-channel grayscale images and adapted
for binary stroke classification. ResNet50 facilitates efficient
hierarchical feature learning through its residual connections,
while DenseNet121 employs densely connected layers to
enhance feature reuse and efficient gradient flow. Figure 5
shows a detailed flowchart illustrating the process from data
preprocessing to classification. The feature maps extracted
by both models are concatenated into a single feature repre-
sentation.

Frusion = FResNet50 D FDenseNet1215 (2)

where FresNetso € RY 2 and Fpensenetiar € RV*1024
represent the feature maps, N is the batch size and @
denotes concatenation. The resulting feature vector Fiysion €
RN>*3072 captures complementary global and local features.
A self-attention mechanism is then used to refine the fused
feature representation. It estimates the attention weights
based on learning dependencies between the feature ele-
ments, making the important features more important for
denoising. Finally, the self-attention mechanism computes
the query, key and value matrices as follows:
0= Wq'Ffusion9 K = Wi Ftusion, V = Wy Frusions (3)
where W, Wy and W, are learnable weight matrices for the
query, key and value transformations. The attention weights
are calculated using the scaled dot product mechanism:

Attention(Q, K, V) = Soft (Q'KT> 1% )
ention , s =Domtmax|{ ——— | - )
Vi

The scaled dot-product self-attention formulation was cho-
sen for its computational efficiency and numerical stability
when applied to high-dimensional fused feature vectors. The
method facilitates global dependency modelling with less
overhead compared to multi-head attention, which increases
parameters and computational cost. Channel-based attention

mechanisms do not explicitly capture long-range dependen-
cies from the fused feature space but mainly recalibrate
feature importance. Because it is an attention mechanism
that seamlessly achieves expressiveness, efficiency, and real-
world applicability.

where dj is the dimensionality of the key vectors. The
refined feature representation is then calculated as:

Frefined = v - Attention(Ffysion) + Ftusion, ©)

where y is a learnable scalar parameter that regulates the
contribution of the attention-refined features relative to the
original fused feature representation.

The refined feature vector Fiefined 1 then passed through
fully connected layers for binary classification. During train-
ing, to reduce overfitting, a dropout layer with a rate of 0.5
is applied. Finally, the classification probability is generated
using a sigmoid activation function.

Youtput = 0 (W - Fiefined + b), (6)

where W and b are the weights and biases of the output layer
and o is the sigmoid activation function.

Table 2 provides a detailed breakdown of the trainable
parameters used in the proposed StrokeFuse-AttnNet archi-
tecture.

The Fig. 6 shows the workflow of the proposed model,
including the extracted features, attention and predictions.
This visualization presents examples of feature extraction by
ResNet50 and DenseNetl121, shown in Fig. 6b, c, respec-
tively. The hybrid fusion of the extracted features is depicted
in Fig. 6d, while the attention-based refinement process is
highlighted in Fig. 6e. Figure 6f—h show Grad-CAM over-
lays and saliency maps, which highlight the discriminative
regions contributing to stroke detection. These illustrations
provide insight into the model’s operation.

Proposed algorithm

Algorithm 1 describes a systematic approach to stroke clas-
sification that incorporates self-attention mechanisms for
feature extraction and classification. The model achieves
high accuracy and effective generalization in stroke detec-
tion through the inclusion of pre-processing, feature fusion
and feature refinement. The proposed model operates in sev-
eral stages. First, the provided CT images are preprocessed
and standardized using a mean and standard deviation of 0.5.
During this phase, an advanced data augmentation protocol
is applied. this protocol includes random rotation, flipping,
cropping, brightness and contrast adjustment and random
deletion.

@ Springer
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Table 2 Detail of trainable
parameters in

StrokeFuse-AttnNet

Component Trainable parameters (millions)
ResNet50 (fine-tuned layers only) ~18.1
DenseNet121 (fine-tuned layers only) ~11.2
Self-Attention Module ~ 1.1
Fully connected classifier ~ 1.6
Total trainable parameters ~32.0
Output

Grey Scale
Input Image

Con(7x7 + 2(s)) 7x7con64

MP(3x3 +2(s))

!

Dense_Block }
(6x con_block)

mE

Output(7x7x2048)

Dense_Block \‘
(12x con_block)

Dense_Block ‘
(24x con_block)

3x

Dense_Block \‘
(16x con_block)

7x7 Avg Pool

Output (7x7x1024)

FC Layers

Dropout

(1x3072)Flatten

Softmax

Transpose

H : Iﬁj Reshape (7x7x3072
Vi

iInput

Combined Feature
Map: (7x7x3072) |

Fig. 5 Architecture of the proposed StrokeFuse-AttnNet model.
Grayscale CT images are processed in parallel using DenseNetl21
and ResNet50 to extract complementary local and global features. The
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Feature
(7x7x3072)

Combined

resulting feature maps are concatenated and refined through a self-
attention mechanism before being passed to fully connected layers for
final stroke classification
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(b) ResNet Extracted Features

(a) Original Image

(e) Self-Attention Map

(f) StrokeFuse Grad-CAM Overlay

Fig. 6 Visualization of StrokeFuse-AttnNet operation: a original
CT image; b features extracted by ResNet; ¢ features extracted by
DenseNet; d combined features using hybrid feature fusion; e self-

The next phase, feature extraction, employs two deep
learning architectures: ResNet50 and DenseNet121. The fea-
ture maps from the backbone output are fused to obtain a
fine-grained common feature representation. After feature
extraction, the concatenated features are processed by self-
attention. This mechanism calculates the correlation of the
concatenated features and assigns a weight to each feature,
focusing on important regions and discarding less relevant
ones. The features extracted from the output are then passed
to fully connected layers to classify the stroke.

Training and optimization

For stable convergence, robustness, and efficient deployment
of StrokeFuse-AttnNet, specify the training strategy and opti-
mization settings in this section. The network was trained
end-to-end using a supervised learning framework, with all
experiments conducted under identical conditions to ensure
fair evaluation.

The model was optimized using the Adam optimizer with
an initial learning rate of 1 x 10™*, providing a suitable
balance between convergence speed and training stability.
The model uses the StepLR learning rate scheduler, which
reduces the learning rate by a factor of 0.5 every five epochs

(c) DenseNet Extracted Features (d) StrokeFuse Combined Features

(g) Pixel-Level Saliency (StrokeFuse)

(h) StrokeFuse Predicted Stroke Map

attention; f Grad-CAM overlay highlighting important regions; g
pixel-level saliency visualization; h predicted stroke map showing the
final model output

Algorithm 1 Workflow of StrokeFuse-AttnNet

1: Input: Dataset D, batch size N = 16, learning rate n = 1x 1074,
epochs £ = 100

2: Output: Binary classification (Stroke / Normal)

3: Step 1: Preprocessing and Augmentation

4: Resize images to 224 x 224 and normalize: Xpom = xa#

5: Apply random rotations, horizontal flipping, cropping, brightness
and contrast adjustments and random erasing.

6: Step 2: Feature Extraction and Fusion

7: Fine-tune the last 10 layers of ResNet50 and DenseNet121

8: Extract features: Fresneiso € RY %298 Fpensenetiol € RN <1024

9: Fuse features: Ffusion = FresNetso © FpenseNet121

10: Step 3: Attention-based Refinement
11: Compute: O = W, Fusion. K = WiFfusion, V = WyFtusion
12: Apply scaled dot-product attention: Attn(Q, K, V) =

Softmax ( Q—\/lg) \%

13: Refine features: Fiefined = ¥ - Attn(Frysion) + Frusion

14: Step 4: Classification

15: Apply dropout: Faropout = Frefined - Bernoulli(l — p), p =0.5
16: Predict output: you = 0 (WFgropour + )

17: Step 5: Training

18: Computeloss: Lpcg = —% Z,Ail [yvi log(pi)+(1—y;) log(1—p;)]
19: fore = 1 to E do

20:  Update parameters using Adam optimizer

21:  if e mod 5 = 0 then

22: Adjust learning rate: n <— 0.5n

23: Step 6: Return yg
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to avoid local minima. For the binary classification task, the
objective function is the binary cross-entropy loss.

Training was conducted for 100 epochs with a batch size
of 32, chosen to balance GPU memory usage and gradi-
ent stability. Dropout at a rate of 0.5 was applied to the
fully connected layers to reduce overfitting. To retain the
generic visual representations learned from ImageNet, the
earlier layers of the pre-trained ResNet50 and DenseNet121
backbones were frozen, while the final convolutional blocks,
self-attention module and classifier layers were fine-tuned on
the stroke datasets.

To enhance robustness, extensive on-the-fly data augmen-
tation was applied during training and class imbalance was
addressed using feature-space SMOTE, as described earlier.
All experiments were run on an NVIDIA RTX 4070 GPU
and mixed-precision training was used to improve compu-
tational efficiency. The proposed model is a near real-time
clinical model due to its favorable balance between accu-
racy, generalization and computational cost.

Training protocol

The Binary Cross-Entropy (BCE) loss function trains the
model for binary classification.

| M
Lice = —~ Z [yi log(pi) + (1 — yi) log(1 — pi)], (D)

i=1

where M is the batch size, y; is the ground truth label and p;
is the predicted probability.

An Adam optimizer updates the model parameters accord-
ing to a specified rule, which is used for optimization.

®)

Orp1 =0 il

1= - R————
1+ r— 1 Ju e
where 71 represents the learning rate, m; and v, denote the
first and second moment estimates respectively and € is a
small constant that ensures numerical stability.

For stable convergence, we use a StepLR scheduler that
reduces the learning rate by a factor of 0.1 every 5 epochs.

Nnew = Mcurrent * Vs 9)

where y = 0.5 is the decay factor.
Regularization is applied through dropout during training,
with a rate of 0.5:

Faropout = Frefined * Bernoulli(1 — p), (10)

where p = 0.5 represents the dropout probability.

@ Springer

Experimental setup

An environment equipped with an NVIDIA RTX 4070
graphics processor and an Intel Core i9 processor provides
sufficient computational power to train deep learning models.
This environment was used for experimentation. The imple-
mentation was in Python using the PyTorch framework and
was trained and run using CUDA. The dataset for the study
consisted of enhanced CT scans organized in folders. A hold-
out evaluation protocol was employed, with 70% of the data
used for training and 30% reserved for independent testing.
Model training and evaluation were strictly separated to pre-
vent data leakage. This split was applied to the combined
datasets for an overall robustness assessment on heteroge-
neous data sources. However, it is not intended as a strict
cross-institutional generalization experiment, which will be
assessed in future work.

The model was trained for 100 epochs, during which
stable convergence was observed. A batch size of 32 was
chosen to balance memory efficiency and gradient stabil-
ity during backpropagation. The use of an Adam optimizer
with a learning rate scheduler enhanced training robustness.
These aspects ensured stable optimization and consistent
performance during training and testing of both the Grover
model and the Naive model. The StrokeFuse-AttnNet model
was enhanced using a range of high-performance devices
and software platforms in a dedicated experimental setup.
This facility ensured consistent experimental results. Con-
sequently, the training and evaluation workflows were inte-
grated.

Hyperparameters

The StrokeFuse-AttnNet model’s hyperparameters, learning
rate, batch size, number of epochs, optimisers and data aug-
mentation methods determine the efficiency and performance
of stroke classification training. Hyperparameter selection
was conducted using a structured sensitivity analysis rather
than an exhaustive grid search or Bayesian optimization strat-
egy. Key hyper-parameters, including learning rate, batch
size and dropout rate, were varied individually while keeping
other parameters fixed and their impact on validation accu-
racy and AUC was monitored. This approach was adopted to
ensure stable convergence and generalization while main-
taining computational efficiency, given the scale of the
datasets and the depth of the proposed architecture.

The learning rate determines the path of gradient descent.
The batch size affects training stability and resource uti-
lization and the Adam optimizer was used to adjust the
learning rate for the model trained over 100 epochs. A
StepLR scheduler reduced the learning rate by 50% every
5 epochs to avoid overfitting. The dropout rate used was
0.5. The generalization of the model was improved by data
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augmentation methods such as rotation, flipping, cropping,
changes in brightness/contrast and random dropouts. Table 3
summarizes the hyperparameter used to train the StrokeFuse-
AttnNet model.

Evaluation metrics

In this study, the model’s performance is measured using
evaluation metrics including accuracy, precision, recall, F1
score and AUC-ROC. These metrics enable assessment of
the model’s stroke classification capabilities. The definitions
are as follows:

TP

TP
— Recal= —— (11)
TP+FP

Precision = R
TP+ FN

where T P and false counts by F'P and FN. The F1 score,
defined as the harmonic mean of precision and recall, is cal-
culated as follows:

Precision - Recall
Fl-score =2 - — . (12)
Precision + Recall

The AUC-ROC curve is used to measure the ability of the
model to distinguish strokes from normal cases. We calculate
the AUC by calling roc_curve and auc from scikit-learn,
which calculate the area under the ROC curve.

1
AUC:/ TPRG)dx., (13)
0

where T P R(x) is the true positive rate as a function of the
false positive rate (x). Beyond conventional classification
metrics, recent studies have highlighted the importance of
complementary performance measures that capture normal-
ized error magnitude, information consistency and predictive
reliability, particularly for nonlinear modelling and clinical
decision support systems. Relative Root Mean Square Error
(RRMSE) has been widely used as a normalized error metric
to enable fair performance comparison across models and
datasets with different scales, especially in complex nonlin-
ear prediction tasks [33, 45]. Such normalized error-based
measures provide additional insight into model stability
beyond accuracy-based evaluation.

Metrics based on information theory, such as Normalised
Mutual Information (NMI), can quantify the agreement
between predicted labels and ground truth. They also con-
sider the interdependence of distributions [46]. Alternative
methods such as the Brier score and Expected Calibration
Error (ECE) are gaining traction for evaluating the quality of
probabilistic predictions, which is relevant for clinically risk-
aware deployments. Although the study primarily focuses

on classification performance, these metrics provide valu-
able perspectives for future uncertainty-aware extensions of
the proposed framework. Performance metrics with confi-
dence intervals to support hypothesis testing and account
for statistical variability. This study has discussed that boot-
strap confidence intervals are suitable for estimating metric
uncertainty. Furthermore, it recommends using statistical
tests such as DeLong’s test for AUC and McNemar’s test
for classification accuracy for rigorous model comparison.
The importance of these analyses increases when perfor-
mance differences are small, while future versions will use
formalised statistical testing over many runs.

Experimental results
Results on public dataset

The Stroke-FuseAttnNet model achieves high accuracy in
classifying stroke and non-stroke CT images from the
dataset. The ROC curve, confusion matrix, and classification
report are used to evaluate the effectiveness of the architec-
ture.

Figure 7 shows the model’s ability to discriminate between
stroke and normal cases, with an area under the curve of 0.98
and high sensitivity and specificity. An AUC value indicates
that the model is valid for detecting pathological changes
associated with stroke. Figure 8 shows the results of the
model’s predictions. Among the normal cases, 460 were cor-
rectly identified, while 8 were misclassified as stroke. Of the
stroke cases, 277 were accurately categorized and 5 were
incorrectly predicted as normal. The StrokeFuse—AttnNet
model attains an accuracy of 98.27%. The model also demon-
strates strong class-specific and overall performance metrics.
For normal cases, the precision is 97.19%, while for stroke
cases it is 98.23%. The F1 score is 97.70% and the specificity
is 98.29%, demonstrating the effectiveness and generaliza-
tion of the model in the presence of class imbalance. Table 5
summarizes these results, demonstrating the effectiveness of
StrokeFuse—AttnNet. The publicly available stroke dataset
provides significant results for diagnostic practice. In addi-
tion, it demonstrates the model’s capabilities and strengths
in clinical settings.

Results on private dataset

To evaluate the effectiveness of the StrokeFuse-AttnNet
model under practical conditions, the private dataset was used
to determine the model’s ability to distinguish between stroke
and normal cases. Figure 9 shows the model’s discriminative
ability, achieving an area under the curve (AUC) of 0.9501.
The model demonstrates a good balance of sensitivity and
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Table 3 Hyperparameters and system configuration for training the proposed model

Hyperparameter Value
Device NVIDIA RTX 4070 GPU
Batch size Dynamically adjusted (starting at 16)

Input image size
Normalization
Data augmentation
Learning rate
Optimizer

Loss function
Scheduler
Dropout rate
Epochs
Pretrained models
Fine-tuned layers

Attention mechanisms

224 x 224 pixels
Mean = [0.5], Standard deviation = [0.5]

Rotation, flipping, cropping, brightness/contrast adjustments, random erasing

le—4

Adam

Binary cross-entropy

StepLR (Step size = 5 epochs, Gamma = 0.5)
0.5

100

ResNet50, DenseNet121

Last 10 layers of each pretrained model

Self-attention mechanism

0.8

0.6

0.4

True Positive Rate

0.2

—— ROC Curve (AUC = 0.98)

0.0 ---- Random

0.0 0.2 0.4 0.

6 0.8 1.0
False Positive Rate

Fig. 7 Receiver operating characteristic (ROC) curve for the public
dataset

400

Normal
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200

Stroke
100

Normal Stroke
Predicted Label

Fig.8 The confusion matrix of the public data set is shown, along with
information on true positives, false positives and false negatives
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Fig.9 Private dataset Receiver Operating Characteristic (ROC) curve

specificity, indicating its ability to reliably distinguish stroke
cases from normal.

The model correctly classified 1255 normal samples,
while 52 cases were incorrectly classified as strokes, as
shown in Fig. 10. Among the stroke cases, 539 were correctly
classified as strokes and 22 were incorrectly classified as nor-
mal. The model achieved an overall accuracy of 96.04% and
the classification metrics confirm its robustness for normal
cases: precision, recall and F1 score are 0.96, 0.96 and 0.96,
respectively. For stroke cases, these values are 0.91, 0.96 and
0.93. Overall, the model achieves an average F1 score of
93.55% and a specificity of 96.02%, as shown in Table 6.
Despite class imbalance, the model performed well on both
metrics. The results indicate that StrokeFuse—AttnNet is gen-
eralizable and suitable for diagnostic use in a clinical setting,
as demonstrated on private datasets.
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Fig. 10 Confusion matrix for the private dataset, detailing true posi-
tives, false positives and false negatives

Ablation study

The aim of an ablation study is to determine the contri-
bution of various components and parameters which make
up the StrokeFuse-AttnNet architecture, specifically self-
attention, feature fusion and hyperparameter optimization.
This study proposes to identify the essential components that
contribute to stroke classification in CT images. The ablation
analysis in this study follows a controlled one-factor-at-a-
time strategy to evaluate the individual impact of key hyper
parameters, including learning rate, batch size and dropout
rate. This approach enables clear attribution of performance
changes to specific parameters but does not explicitly model
higher-order interactions between them. Conducting further
systematic sensitivity analysis would improve performance
and robustness of results, allowing optimisation of gradients
through Bayesian or grid search. Incorporating such methods
represents a promising direction for future work, particularly
for deployment in heterogeneous clinical environments.

Effect of self-attention mechanism

The self-attention mechanism adjusts feature representations
to increase the importance of the more relevant ones while
reducing the importance of the less relevant ones. There was
a significant drop in performance when the self-attention
module was disabled. The performance in the public dataset
dropped from 0.98 to 0.94, while in the private dataset it
decreased from 0.9501 to 0.91. As the model becomes more
capable of locating regions of importance in the image, the
self-attention mechanism makes the features more discrimi-
native and efficient.

Effect of feature fusion

The implementation of an augmented feature fusion tech-
nique that utilized feature maps by merging ResNet50 and
DenseNet121 was key to recognizing the extensive variety
of input features. The public AUC of ResNet50 was 0.93 and
the private AUC was 0.89. However, the fused characteristics
resulted in a significantly higher AUC of 0.98 for the public
dataset and 0.9501 for the private dataset. The enhancement
shows that combining feature representations from multiple
backbones helps leverage the strengths of both.

Effect of hyperparameter optimization

Optimizing the main parameters led to improved and more
stable performance. An experimentally determined learning
rate of 1 x 10~* proved optimal, representing a compromise
between convergence speed and stability. Higher learning
rates (1 x 1073) resulted in unstable training, while lower
rates (1 x 1073) slowed convergence without significant
performance improvement. A dropout rate of 0.5 led to over-
fitting, while rates of 0.3 and 0.7 resulted in underfitting and
overfitting, respectively. The optimal batch size was 32, as
smaller or larger sizes reduced performance. A batch size of
16 slowed training, while a size of 64 reduced accuracy and
AUC.

The learning rate of 1 x 10~* was selected as it provided
stable convergence and consistently higher validation AUC
compared to both higher (1 x 1073) and lower (1 x 107)
learning rates, as shown in the ablation results. A batch size
of 32 provide optimal gradient stability, low computing cost
and good generalization performance. Smaller batch sizes
result in slower convergence, while larger batch sizes reduce
overall accuracy. Similarly, a dropout rate of 0.5 effectively
mitigated overfitting without under-regularizing the network,
whereas lower or higher dropout values adversely affected
validation performance. The results show that the selected
hyper-parameters are a strong operating point for the pro-
posed model.

Overall impact of the proposed framework

The robustness of the StrokeFuse-AttnNet architecture is
demonstrated by the effective integration of the self-attention
mechanism. The proposed model achieved an AUC of 0.98%
for the public dataset and 0.9501 for the private dataset,
demonstrating its generalization and stability. In addition, the
public and private datasets were used to evaluate the model,
achieving accuracy rates of 98.54% and 96.02%, respec-
tively.
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Comparison with other deep learning methods

To evaluate and compare the performance of StrokeFuse-
AttnNet with other deep learning models: ResNet50, Dens
eNetl21 and EfficientNet-BO. We selected these models
based on their efficacy in analysing medical images and their
potential to serve as baseline architectures for comparison.
All models were trained and tested with standardised pre-
processing, data augmentation and evaluation metrics, using
the same publicly available and private datasets. The results
in Tables 5 and 6 show that StrokeFuse-AttnNet outperforms
the baseline models. On the public dataset, StrokeFuse-
AttnNet achieved an accuracy of 98.54% and an AUC of 0.98,
demonstrating higher performance than ResNet50 (accu-
racy 95.78%, AUC 0.93), DenseNet121 (accuracy 94.89%,
AUC 0.91) and EfficientNet-BO (accuracy 93.80%, AUC
0.92). On the private dataset, StrokeFuse-AttnNet achieved
an accuracy of 96.02% and an AUC of 0.9501, outperform-
ing ResNet50 (accuracy 93.50%, AUC 0.89), DenseNet121
(accuracy 92.80%, AUC 0.88) and EfficientNet-B0 (accuracy
93.10%, AUC 0.89).

Based on the experimental results, StrokeFuse-AttnNet
recognises various significant features in CT image data
using fused hybrid features and self-attention mechanisms.
The model generalises well and performs robustly on both
datasets, suggesting its potential utility for stroke classifica-
tion.

The use of traditional machine learning methods, such
as support vector machines (SVMs) combined with hand-
crafted or radiometric features, has been widely explored
in stroke and medical image analysis alongside deep learn-
ing baselines. While these approaches provide advantages
in interpret-ability and lower computational requirements,
their performance depends heavily on feature engineering
and they often struggle to capture complex spatial patterns
and contextual information present in high-dimensional CT
images. In contrast, the proposed end-to-end hybrid deep
learning framework automatically learns hierarchical and
complementary feature representations, enabling superior
discrimination performance and robustness across heteroge-
neous datasets.

Comparison of strokefuse-attnnet with the
state-of-the-art (SOTA)

The state-of-the-art (SOTA) results summarized in Table 7
are reported from previously published studies and were
obtained using different datasets, imaging protocols and
preprocessing pipelines. Therefore, these comparisons are
intended to provide contextual benchmarking rather than a
direct, head-to-head performance evaluation. Direct com-
parisons under identical experimental settings are provided
separately for baseline deep learning models (ResNet50,

DenseNet121 and EfficientNet-B0), which were re-trained
and evaluated on the same datasets using identical pre-
processing and evaluation protocols. The results of the
comparative analysis are shown in Table 7. Due to the
efficient architecture of StrokeFuse-AttnNet, other compet-
ing methods for stroke detection cannot achieve improved
stroke detection. These findings demonstrate the advan-
tages of hybrid feature fusion and self-attention for accurate
stroke detection in CT images, indicating that these mod-
els are promising for clinical decision support in stroke
treatment. Unlike other models, StrokeFuse-AttnNet uses
these ResNet50 and DenseNet121 architectures. The selected
architecture captures the necessary global and local features
to process the required medical image. StrokeFuse-AttnNet
effectively harnesses the distinct feature representations from
ResNet50 and DenseNet121. The synthetic additive fusion
mechanism provides high versatility in creating enhanced
composite representations. This integrated method may more
accurately classify strokes and non-strokes.

Moreover, adopting a self-attention mechanism can enha
nce the classification ability of the fused features by focusing
on relevant spatial and channel information while ignoring
unnecessary information. By leveraging the finer patterns and
phenomena identified during classification, the model can
predict various outcomes with greater sensitivity and speci-
ficity. Figure 11 shows that StrokeFuse-AttnNet is the most
efficient. With fewer numerical parameters, reduced floating
point operations and shorter test times, this model performs
well. The proposed model for stroke diagnosis in CT scans
enhances medical image analysis. It is robust and effective.

The high performance with a few parameters is the key
strength of StrokeFuse-AttnNet. A hybrid feature fusion
strategy and attention mechanism are used to limit overfitting
and help retain generalization performance on unseen and
new data. StrokeFuse-AttnNet, capable of detecting stroke,
is a reliable real-time detection model that is both computa-
tionally efficient and accurate.

Discussion

The proposed stroke detection model was evaluated using
public and private datasets to assess its predictive perfor-
mance. Testing was conducted using a consistency protocol
and a holdout strategy, with 70% of the data allocated
for training and 30% for testing. Model training was con-
ducted exclusively on the training set, while all reported
results were obtained from the independent test set. On the
public dataset, the proposed StrokeFuse-AttnNet achieved
an accuracy of 98.27% and an AUC of 0.98, outperform-
ing existing approaches evaluated on the same dataset. The
model demonstrated strong generalization capability by cor-
rectly classifying 98.3% of normal cases and 98.2% of stroke
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Table 5 Comparison of results

between the proposed and other Model Accuracy AUC F1-score Specificity
deep neural networks on a ResNet50 95.78% 0.93 95.20% 96.30%
public dataset
DenseNet121 94.89% 091 94.10% 95.20%
EfficientNet-BO 93.80% 0.92 93.40% 94.50%
StrokeFuse-AttnNet (proposed) 98.27% 0.98 97.70% 98.29%
;:?v:;:n tcl;lzmpf(?;s:;zfnileittl:::r Model Accuracy AUC Fl-score Specificity
ngfs:ftworks on a private ResNet50 93.50% 0.89 92.80% 94.00%
DenseNet121 92.80% 0.88 91.90% 93.10%
EfficientNet-BO 93.10% 0.89 92.40% 93.60%
StrokeFuse-AttnNet (proposed) 96.04% 0.95 93.55% 96.02%
0.0060 =50 57.00 —o= Leaming Rate |

Model

Metrics

0.005

0.004

Rate

ing

0.003 .

Learn

0.002

0.001
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Fig. 11 The complexity of the various models in the computations supports the effectiveness of the proposed model

cases. In the private dataset, we achieve an accuracy of
96.04%, an AUC of 0.9501 and robust class-wise perfor-
mance, despite increased clinical heterogeneity. The results
shows that the proposed framework scales well and is useful
for diagnosis on real data.

StrokeFuse-AttnNet is designed as a computationally effi-
cient model suitable for real-time clinical use. The model
has 32 million trainable parameters and a per-inference
cost of about 40 GFLOPs, resulting in a modest memory
footprint suitable for modern workstation GPUs, which are
typically available in hospitals. On the experimental hard-
ware used in this study (NVIDIA RTX 4070 GPU), the
average inference latency was tens of milliseconds per CT
image, supporting high-throughput processing in routine

@ Springer

clinical workflows. Due to its end-to-end architecture and
reliance solely on standard non-contrast CT images, the pro-
posed model can function as a backend clinical decision
support module and can be incorporated into existing PACS.
This enables automated stroke screening to be performed
transparently alongside routine radiological review without
disrupting established diagnostic procedures. As with most
learning-based imaging systems, performance may degrade
in the presence of severe motion artefacts, scans of very low
resolution, or unusual acquisition protocols. These possible
failure cases highlight the necessity for quality checks and
future domain-adaptive fine-tuning to ensure robust deploy-
ment across diverse clinical settings.
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Table 7 Comparative analysis results of the (SOTA) model on the public dataset

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%) Specificity (%)
Pan et al. [20] 97.7 97.2 97.6 97.4 98.1
Saleem et al. [14] 95.5 92.0 90.8 95.0 -
Abdi et al. [47] 97.2 97.0 97.0 97.0 -
Qiu et al. [48] 97.9 96.5 96.8 96.6 98.3
Saleem et al. [2] 97.8 98.5 - - -
Irfan et al. [4] 95.8 95.8 - 95.7 -
Yal¢in and Vural [49] 98.3 97.1 97.6 97.3 96.5
Kumaravel et al. [50] 98.6 97.0 97.2 97.1 97.1
Patel et al. [22] 97.7 96.5 96.7 96.6 98.0
Saleem et al. [14] 96.5 98.0 93.5 96.0 -
StrokeFuse-AttnNet (Proposed) 98.27 97.19 98.23 97.70 98.29

The performance of StrokeFuse-AttnNet is due to its
hybrid architectural design, which combines global seman-
tic representations from ResNet50 with fine-grained feature
reuse from DenseNet121, further refined by a self-attention
mechanism that highlights diagnostically relevant spatial
and channel information. Compared to single-architecture
models, the hybrid approach provides a richer feature rep-
resentation and is more computationally efficient, allowing
deployment in both high- and low-resource clinical set-
tings. Despite its effectiveness, certain failure cases may
occur in real-world deployment, such as CT scans affected
by patient motion artefacts, low spatial resolution, severe
noise, or atypical anatomical presentations. These factors can
degrade feature quality and reduce classification confidence.
To address such challenges, the proposed framework can
be adapted through enhanced preprocessing (such as noise
suppression and resolution normalization), targeted data aug-
mentation and fine-tuning on institution-specific datasets. In
the future, we will work on extending multi-modal incor-
poration of MRI data and multi-class predictions of stroke
subtypes.

Interpret ability was assessed using the Grad-CAM and
saliency visualizations shown in Fig. 6. Although self-
attention maps are not displayed separately, this will reflect
the attention-refined activation regions. In stroke-positive
cases, these regions generally correspond to clinically rel-
evant patterns such as infarct zones, haemorrhagic areas
and hemispheric asymmetries, whereas normal cases show
diffuse, low-intensity activations. This qualitative behav-
ior suggests that the self-attention mechanism directs the
model’s focus towards diagnostically relevant areas, which
supports the interpretability of the model, although this has
not been quantitatively verified.

In stroke-positive CT images, the highlighted regions con-
sistently correspond to clinically relevant patterns such as
hypo-dense infarct areas, haemorrhagic regions and asym-

metries typically associated with acute stroke. In contrast,
normal cases exhibit diffuse or minimal activation, indi-
cating the absence of localized pathological features. This
behaviour suggests that the self-attention mechanism effec-
tively directs the network to diagnostically meaningful areas.
The attention maps not only provide visual confirmation of
the model but also highlight diagnostic features that corre-
spond with radiological signs of stroke. For example, in the
case of ischaemic stroke, we consistently observed empha-
sis on low-attenuation regions of the MCA. Negative cases
show diffuse or no attention, consistent with the model’s
response to non-lesion inputs. This is important for clinical
use, as visual and spatial interpretation increases user aware-
ness of the automated model. Furthermore, attention maps
help identify potential false positives and improve the model
for cases with ambiguous results near the decision bound-
ary. Although this study addresses binary stroke detection,
the proposed StrokeFuse-AttnNet can be directly extended
to multi-class stroke subtyping (e.g., ischaemic vs. haemor-
rhagic) by replacing the final sigmoid layer with a softmax
classifier, while retaining the hybrid fusion and self-attention
mechanisms.

Table 4 shows that although StrokeFuse-AttnNet achieves
higher classification accuracy than generic models, it also
addresses key limitations of previous approaches. Using
multiple CNNs with a single architecture, such as VGG16
or EfficientNet-BO, results in overfitting and poor gener-
alization when applied to heterogeneous medical images.
Furthermore, conventional deep models often lack spatial
interpret-ability mechanisms and cannot be used clinically,
as explainable models are essential in this context. The pro-
posed approach combines the learning of diverse visual
attribute properties through two networks. ResNet50 is a
widely used neural network architecture for designing deep
neural networks that have been previously trained. ResNet50
extracts rich global features from input images. Its primary
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focus is the design of efficient residual blocks to address the
issue of vanishing gradients. ResNet50 has a lower com-
putational cost but remains powerful. It does not change
the dimension of the input, only adding depth. By com-
bining attention-guided feature refinement with clinically
interpretable visualization techniques, the proposed frame-
work enhances transparency and supports trust in automated
stroke detection for real-world clinical deployment. The
inference latency reflects performance on a clinical worksta-
tion equipped with a GPU. In future work, we will benchmark
on edge devices and directly compare with lightweight archi-
tectures such as MobileNetV3 or EfficientNet-B0O under the
same conditions. The absence of detailed demographic and
clinical metadata, such as stroke subtype and onset timing,
is a limitation of the present study and will be addressed in
future work through richer multi-modal clinical data integra-
tion.

Conclusion

This study proposed a novel StrokeFuse-AttnNet for stroke
detection using CT images. The design employed a feature
fusion approach combining ResNet50 and DenseNetl121.
The self-attention mechanism improves the model by high-
lighting relevant features and reducing the impact of irrele-
vant ones. StrokeFuse-AttnNet performs equally well on both
public and private datasets. The model achieves an accu-
racy of 98.27% and an AUC of 0.98 on the public dataset
and an accuracy of 96.04% with an AUC of 0.9501 on the
private dataset. This model performs better than the state
of the art. With 32 million parameters and 40 GigaFLOPs,
it runs efficiently for real-time clinical applications. Its
consistency, predictability and balanced computational com-
plexity provide an effective solution to major challenges
in medical imaging. In future studies, we will incorporate
additional imaging techniques alongside current ones (such
as magnetic resonance imaging) and extend our model’s
predictive accuracy to include more stroke classes. Conse-
quently, the model is likely to become more clinically useful.
StrokeFuse-AttnNet can improve stroke detection, clinical
decision-making and overall patient outcomes.
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