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Abstract—The interpretation of colposcopy images is a critical
yet subjective component of cervical cancer screening. To enhance
this process, we propose a novel hybrid deep learning framework
for the classification of cervical lesions. Our model integrates
EfficientNet-B0, adept at extracting localized hierarchical fea-
tures, with a Swin-Tiny Transformer, which excels at modeling
long-range dependencies and global context. Moving beyond
basic fusion techniques, we introduce a novel cross-attention
fusion mechanism, augmented with channel and spatial attention
modules. This design selectively highlights the most discrimina-
tive inter-feature relationships while maintaining computational
efficiency. Evaluated on the International Agency for Research
on Cancer (IARC) colposcopy image dataset, our framework
achieves an accuracy of 94.76%, significantly outperforming a
concatenation-based fusion model (83.99%). This represents an
absolute improvement of 10.77 percentage points and captures
67.3% of the residual performance margin toward perfect ac-
curacy. The model also demonstrates robust performance across
other metrics, including a precision of 94.68%, recall of 94.82%,
F1-score of 94.74%, and a Cohen’s Kappa of 89.48%. These
results indicate that our approach can enhance both the accuracy
and reliability of cervical cancer screening, offering valuable
support for clinical decision-making.
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I. INTRODUCTION

Cancer arises when cells in the body begin to grow
uncontrollably, forming malignant tumors that can spread and
affect various organs [1]. Cervical cancer specifically develops
in the cervix, the narrow passage connecting the uterus to the
vagina [2]. It mainly develops from long-lasting infections with
certain high-risk types of human papillomavirus (HPV) [3],
[4], particularly HPV-16 and HPV-18 [5]. While the immune
system typically clears the virus naturally, persistent infections
can lead to cellular changes that may eventually develop into
cancer [4]. This disease represents a significant global health
burden, particularly in developing countries where it ranks as
the third deadliest cancer among women [6]. Approximately
85% of cervical cancer deaths occur in low- and middle-
income countries [3], reflecting unequal access to vaccination,
screening, and treatment services. The burden is overwhelm-
ingly highest in sub-Saharan Africa, where countries like
Eswatini, Zambia and Malawi report incidence rates up to
25 times greater than those in Western Asia, underscoring
a critical need for targeted public health interventions [7].

In response, WHO has launched a global strategy aiming
to achieve 90% HPV vaccination coverage, 70% screening
participation and 90% treatment access by 2030 [8], [9].

Despite the availability of effective prevention strategies,
cervical cancer continues to pose a significant global health
challenge [6]. According to projections, the global burden of
cervical cancer is expected to rise substantially over the coming
decades due to population growth and aging. Estimates indicate
that the number of cases will increase by 56.8% between 2022
and 2050, reaching nearly 1 million cases, while deaths are
projected to rise by 80.7%, totaling approximately 630,000 by
2050 [7]. Patient prognosis varies significantly depending on
the stage at which cervical cancer is diagnosed. When detected
early, the five-year relative survival rate is approximately 91%
[8]. However, survival rates decline sharply in advanced stages,
with metastatic cases showing a five-year relative survival rate
of about 19% . This big difference shows why it is so important
to find and treat cervical cancer early, especially in places
where people do not have easy access to healthcare and are
often diagnosed late.

Getting an accurate and timely diagnosis is crucial to
reduce mortality from cervical cancer [10]. The standard tiered
approach utilizes Pap smears, HPV testing, and colposcopy
[6]. Primary screening typically begins with a Pap smear to
detect abnormal cells or HPV testing to identify high-risk viral
strains. Positive results from these initial tests are followed by
colposcopy, which provides a magnified visual examination
of the cervix to locate and assess abnormalities and guide
targeted biopsies for definitive diagnosis. Although Pap smears
and HPV tests are effective screening tools, their utility is
limited by cost, laboratory requirements, and the potential for
false results [11]. Colposcopy is therefore a critical diagnostic
follow-up that enables timely intervention [12]. However, its
effectiveness is constrained by reliance on clinician expertise
for interpreting visual findings, a challenge that is particularly
pronounced in resource-limited settings [6]. This dependence
on subjective interpretation and the scarcity of trained spe-
cialists underscore the need for assistive technologies, thereby
motivating the integration of artificial intelligence (AI) to
standardize and enhance colposcopic evaluation [6].

Recent advances in artificial intelligence, particularly deep
learning models such as convolutional neural networks (CNNs)
and vision transformers like the Swin Transformer, have
emerged as powerful tools in medical imaging [13], [14]. These
models excel at analyzing complex patterns with high accuracy
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and consistency, often detecting subtle tissue changes that are
imperceptible to the human eye [15]. Such capabilities make
deep learning a promising pathway for developing diagnostic
tools that address current limitations in early detection and
support the WHO’s goal of eliminating cervical cancer as
a public health problem [10]. To build on this progress,
hybrid architectures that integrate CNNs and Transformer-
based models are gaining recognition for their effectiveness
in cancer classification [16]. CNNs specialize in local spatial
feature extraction [17], while Transformers capture long-range
dependencies [18], [19], and their combination enables a more
holistic analysis of cervical images. Despite this potential, most
fusion strategies still rely on limited approaches such as con-
catenation or element-wise addition, which fail to fully exploit
the complementarity between the two architectures. Addition
assumes features can be summed directly, but this often results
in features with larger magnitudes overwhelming those with
smaller values, erasing critical discriminative information [20].
Conversely, concatenation preserves all information by simply
appending feature vectors. While this avoids the suppression
issue, it naively treats all features as equally important and
substantially increases dimensionality, leading to higher com-
putational cost and reduced model generalization [20], [21].

To address these limitations, we propose a novel hierarchi-
cal attention-guided fusion mechanism that differs fundamen-
tally from existing fusion strategies. Unlike prior approaches
that use either simple concatenation or addition, our method
introduces three complementary attention modules in a care-
fully designed sequence, each addressing specific weaknesses
of conventional fusion. Channel attention adaptively adjusts
the importance of each feature channel, ensuring that channels
carrying diagnostically meaningful patterns receive appropriate
emphasis [27]. Spatial attention highlights the most relevant
anatomical regions within the feature channels, guiding the
model to focus on clinically meaningful lesion areas rather
than diffuse background regions [28]. Finally, the cornerstone
of our method, bidirectional cross-attention enables context-
aware interaction between the CNN and Transformer branches.
Unlike naı̈ve fusion techniques, cross-attention allows each
branch to selectively query and integrate information from the
other, resulting in a richer and semantically aligned joint rep-
resentation. Collectively, this integrated architecture minimizes
redundancy, aligns semantic representations, and substantially
enhances the discriminative power of the hybrid model for
cervical cancer diagnosis.

Our key contributions in this study are:

• We developed a hybrid attention-guided
CNN–Transformer architecture by integrating
EfficientNet-B0 and the Swin Transformer, resulting
in a tailored model optimized for accurate cervical
cancer classification from colposcopic images.

• We developed a multi-stage attention fusion mecha-
nism that integrates channel attention, spatial atten-
tion, and bidirectional cross-attention to effectively
refine and combine complementary local and global
features, resulting in enhanced predictive performance.

• We validated the effectiveness of the proposed
attention-guided fusion strategy through systematic

comparison with a simple concatenation-based fusion
approach.

II. LITERATURE REVIEW

A. Deep Learning

Deep learning is a branch of machine learning that uses
artificial neural networks to automatically learn patterns and
features directly from raw data eliminating the need for manual
feature engineering [13]. Unlike traditional methods, deep
learning excels in tasks like medical imaging by detecting
intricate patterns through layered abstraction [40]. CNNs are
particularly effective, using trainable filters to capture spatial
features and pooling layers to improve invariance to scale,
rotation, and translation. Their hierarchical structure enables
learning from simple to complex patterns ideal for iden-
tifying subtle tissue abnormalities or cellular irregularities
[17]. Advanced architectures such as ResNet [41], DenseNet
[42], EfficientNet [29], further enhance diagnostic accuracy
and efficiency by incorporating residual connections, dense
connectivity and compound scaling.

1) EfficientNet: EfficientNet represents a significant ad-
vancement in convolutional neural network (CNN) architecture
through its innovative compound scaling methodology. Unlike
traditional approaches that scale network depth, width, or
input resolution independently, EfficientNet employs a prin-
cipled compound scaling technique that simultaneously and
proportionally scales all three dimensions [29]. This strategy,
governed by a set of optimally determined scaling coefficients,
ensures a balanced increase in model capacity becoming
deeper and wider while processing higher-resolution images
without compromising computational efficiency. The resulting
architecture hierarchically captures increasingly complex fea-
tures while maintaining a compact and efficient design. When
benchmarked against conventional CNNs such as ResNet,
DenseNet, and Inception, EfficientNet demonstrates superior
performance. For instance, EfficientNet-B7 achieves state-of-
the-art performance, attaining 84.3% top-1 accuracy on Im-
ageNet with approximately 66 million parameters [29]. This
outperforms deeper networks like ResNet-152, which uses a
comparable parameter count but yields lower accuracy, and
also surpasses both Inception-v3 and DenseNet in accuracy
while requiring fewer computational resources. These char-
acteristics make EfficientNet particularly suitable for medical
imaging applications, where high diagnostic precision must
often be achieved under significant computational constraints.
Among the EfficientNet family (B0–B7), EfficientNet-B0 was
selected as the backbone feature extractor in this study due
to its optimal balance of accuracy, parameter efficiency, and
computational cost. With only 5.3 million parameters and 0.39
GFLOPs, EfficientNet-B0 is capable of extracting fine-grained
local features from high-resolution colposcopy images without
requiring excessive memory or training time. This makes it
particularly suitable for medical imaging applications where
computational resources are often limited and high diagnostic
precision is essential.

EfficientNet has been widely adopted in medical imaging,
with successful applications in breast cancer diagnosis [43],
[44], lung cancer detection [45] and cervical cancer [46],
[47]. Despite these promising results, EfficientNet shares the
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limitations of CNN-based models in capturing long-range de-
pendencies, which motivates its integration with transformer-
based architectures for enhanced performance in complex
classification tasks.

2) Transformers: The Transformer architecture, introduced
by Vaswani et al. in 2017 [35], is distinguished by its capacity
to learn long-range contextual relationships within sequential
data. This is achieved by segmenting input sequences into
smaller units (tokens) augmented with positional encodings.
The model employs a self-attention mechanism to derive
feature representations, enabling every token to interact with
all other tokens in the sequence. This design allows direct
and parallelized modeling of relationships between all token
pairs, regardless of their distance, while maintaining uniform
processing across the sequence. In contrast to convolutional
neural networks (CNNs), which are constrained by limited
receptive fields [19], Transformers leverage self-attention to
incorporate global contextual information from the entire input
[18]. This capability is especially beneficial in tasks requiring
holistic sequence understanding such as natural language pro-
cessing and image classification laying the groundwork for
their adaptation in visual recognition.

The Vision Transformer (ViT) represents a significant shift
in image classification methodology by adapting the Trans-
former architecture for visual data [48]. Rather than using
convolutional operations to induce spatial hierarchies, ViT
partitions an image into fixed-size non-overlapping patches,
treating each as an individual token. These patch-level tokens
are processed by a standard Transformer encoder, which mod-
els relationships across the entire image [49]. A typical con-
figuration, ViT-Base, consists of 12 encoder layers that apply
multi-head self-attention to extract discriminative features. The
final stages include layer normalization which aids training
stability at a computational cost and a classification token that
aggregates global image representations for prediction.

Building on ViT, the Swin Transformer introduces a hi-
erarchical representation learning strategy [30]. Images are
divided into non overlapping patches, which are progressively
merged into larger blocks, enabling the model to capture
features at multiple scales from local details to global context.
A key innovation is the use of shifted windows between
layers, which promotes cross-window interaction and enlarges
the effective receptive field without resorting to global self-
attention. This design enhances flexibility across resolutions
and complexities, making Swin Transformer particularly suited
for vision tasks requiring fine-grained spatial and contextual
understanding. Transformers have shown promising results in
medical image analysis, with successful applications in breast
cancer classification [50], [51], pulmonary nodule detection
[52] and cervical image analysis [53], [54]. These studies
underscore the effectiveness of transformer-based models in
capturing complex spatial dependencies and enhancing diag-
nostic accuracy across diverse clinical tasks.

The Swin-Tiny variant was chosen to construct a hybrid
backbone with EfficientNet-B0. Its compact architecture pro-
vides a compelling balance of representational power and
computational efficiency, enabling the effective processing of
high-resolution colposcopy images. This lightweight design,
which avoids the excessive demands of larger models like ViT-
B or Swin-Base, ensures a practical and efficient integration

for our diagnostic task.

B. CNN-Transformer Hybrid Models in Medical Imaging

Recent studies have demonstrated the promise of
CNN–Transformer hybrids in cervical cancer diagnosis. For
example, Mohammed et al. [22] introduced a hybrid model
for colposcopy image classification that fused EfficientNet-
B0 with a Swin-Tiny Transformer, achieving an AUC of 0.96
and an accuracy of 87.5%. Despite these promising results,
their fusion method weighted all features equally, highlighting
the need for attention-based mechanisms to better prioritize
diagnostically relevant patterns. Similarly, Wang et al. [23]
proposed a hybrid architecture combining a 3D convolutional
neural network (CNN) and a transformer for predicting N-
staging and survival outcomes in non-small cell lung can-
cer (NSCLC). Evaluated on the NSCLC Radiogenomics and
NSCLC-Radiomics datasets, their framework leveraged the
CNN to extract local spatial features from volumetric images
while the transformer captured global contextual dependencies.
Features from both modules were fused via simple concate-
nation prior to classification. Although the model achieved
competitive accuracies of 0.805, 0.828, and 0.819 on the
training, validation, and test sets, respectively, the reliance on
direct feature concatenation may limit effective cross-modal
interaction between CNN and transformer representations. This
highlights the need for more sophisticated fusion strategies that
can dynamically weigh and integrate complementary features
for improved representation learning.

Chen et al. [24] proposed the MFEM-CIN framework,
a hybrid CNN–Transformer model for colposcopic image
analysis that employs multi-scale feature extraction (MSFE)
and multi-scale feature fusion (MSFF) to integrate local and
global features. While the multi-scale fusion aims to enrich
semantic representation by allowing shallow and deep features
to interact, the study does not critically evaluate how effec-
tively the fusion mechanism prioritizes diagnostically relevant
patterns. The MSFF approach, though conceptually sound,
relies on heuristic fusion without attention-guided weighting,
which may limit the model’s ability to emphasize clinically
significant regions over less informative ones. Consequently,
while the framework demonstrates high overall accuracy, the
fusion strategy itself may not fully exploit the complementary
strengths of CNN and Transformer features, suggesting room
for improvement through more advanced, attention-based fu-
sion techniques.

Other notable work includes the research of Liu et al. [25],
who developed the CVM-Cervix framework for Pap smear
classification. In this approach, a CNN module extracted local
cellular details, while a Vision Transformer captured global
spatial dependencies within the images. Moving beyond simple
fusion strategies, the authors employed a multilayer perceptron
(MLP) to integrate these complementary feature sets, achieving
an accuracy of 91.72%.

In another study, Abinaya and Sivak [55] proposed a deep
learning-based cervical classification system integrating 3D
convolutional neural networks (3D CNN) with Vision Trans-
former (ViT) modules. The 3D CNN extracted spatiotemporal
features from cervical images, while multiple ViT models
captured higher-level global representations. A 3D feature
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pyramid network (FPN) was used for feature concatenation,
and a 3D squeeze-and-excitation (SE) block reweighted the
fused features, enhancing the discriminative power of diagnos-
tically relevant information. Classification was then performed
using a kernel extreme learning machine (KELM) with a
radial basis kernel. This fusion strategy, particularly the SE-
based feature reweighting, contributed to strong performance,
achieving an accuracy of 98.6% and demonstrating its potential
as an effective diagnostic support tool for cancer detection.

In a domain beyond human healthcare, Dula et al. [26]
investigated the integration of CNNs and Transformers for
muzzle-based cattle identification. The study proposed a novel
Multi-Head Attention Feature Fusion (MHAFF) mechanism,
which effectively combines CNN and Transformer features
while preserving their complementary strengths. Experimental
evaluations on two public cattle datasets yielded outstanding
accuracy rates of 99.88% and 99.52%, surpassing both con-
ventional fusion methods and existing identification systems.

While advanced attention-based fusion strategies, such as
the Multi-Head Attention Feature Fusion (MHAFF) used in
cattle identification [26], have achieved near-perfect accuracy
by effectively balancing CNN and Transformer features, this
level of sophistication remains largely untapped in cervi-
cal cancer diagnosis. Most current approaches still employ

uniform or simplistic fusion schemes that cannot adaptively
highlight subtle lesion characteristics. This gap highlights a
significant opportunity to develop attention-guided frameworks
capable of selectively prioritizing clinically relevant features,
thereby enhancing the accuracy of cervical cancer classifica-
tion.

III. METHODOLOGY

This section presents the proposed cervical cancer classifi-
cation model, illustrated in Fig. 1. The model performs binary
classification (normal vs. abnormal) by fusing EfficientNet-
B0 and Swin-Tiny through attention-guided mechanisms. Both
models accept inputs of 224 × 224 pixels, facilitating seamless
alignment and fusion of features within the hybrid backbone.
The complementary strengths of these architectures form a
robust foundation for feature extraction. To further refine the
representations, channel and spatial attention modules (SAM)
were applied separately to each branch, enhancing informative
channels and highlighting salient regions within their respec-
tive domains. Optimizing each branch independently ensures
that the subsequent cross-attention mechanism receives more
distinct and powerful features, enabling a more effective and
informative fusion process.
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Fig. 1. Proposed dual-branch architecture combining EfficientNet-B0 and Swin Transformer. The model incorporates attention-guided feature fusion to enhance
classification performance.
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A. Datasets

This study utilized two datasets. The first dataset was
obtained upon request from the Colposcopy Image Bank of
the International Agency for Research on Cancer (IARC)[31].
The original collection included 913 images from 200 patients.
After excluding 15 images from three cases with inconclusive
clinical assessments, 898 images from 197 cases were retained.
These were classified into three categories based on histopatho-
logical metadata: normal tissue (93 cases), precancerous le-
sions (78 cases), and invasive cancer (26 cases). Representative
examples from each category are shown in Fig. 2.

(a) Normal.

(b) Precancerous.

(c) Cancer.

Fig. 2. Colposcopy image samples from the IARC dataset.

The second dataset was sourced from the publicly available
Colposcopy Images collection on Kaggle, curated by Siti
Nursyafiqah [32]. This dataset contains 2617 images with
binary labels: Normal (1445 images) and Abnormal (1172
images). Sample images from this collection are also shown
in Fig. 3.

The IARC dataset was reserved exclusively for testing
to evaluate the model’s generalizability to a new, clinically

(a) Normal.

(b) Abnormal.

Fig. 3. Representative colposcopy image samples from the Kaggle dataset:
Normal and abnormal.

validated source. A binary classification task was created by
merging the precancerous and cancer categories into a single
Abnormal class, and the test set was balanced at the case
level to avoid bias from patients contributing many images.
Iodine-stained images were removed from the dataset to ensure
consistency in image appearance. In total, the test set com-
prised 317 Normal images from 90 cases and 370 Abnormal
images from 90 cases (including all 26 cancer cases and 64
precancerous cases).

The Kaggle dataset, which originally contained 1445 Nor-
mal and 1172 Abnormal images, was used for training and
validation. To ensure consistency with the IARC distribution,
a validation set of 317 Normal and 370 Abnormal images was
first selected directly from the original Kaggle dataset prior to
augmentation. The remaining 1128 Normal and 802 Abnormal
images were then augmented fourfold using controlled trans-
formations: brightness adjustment (factors between 0.5× and
1.5×), random zooming up to 0.6×, and random cropping to
simulate variability in image framing.All augmented images
were stored separately to ensure traceability, producing an
augmented pool of 4512 Normal and 3208 Abnormal images.
From this augmented pool, 2536 Normal and 2960 Abnormal
images were allocated to the training set. Together with the
317/370 validation images and the 317/370 IARC test images,
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this produced an exact 80:10:10 split across training, valida-
tion, and testing, yielding a per class total of 3170 Normal
and 3700 Abnormal images for the experiment(see Fig. 4 and
Table I). To address the class imbalance, class weights were
applied in the weighted categorical cross-entropy loss function,
giving higher importance to the underrepresented Normal class
and reducing bias toward the majority Abnormal class.

Training Validation Testing
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Fig. 4. Distribution of normal and abnormal images across training,
validation, and testing sets.

TABLE I. NUMERICAL DISTRIBUTION OF NORMAL AND ABNORMAL
IMAGES ACROSS TRAINING, VALIDATION, AND TESTING SETS.

Dataset Split Normal Images Abnormal Images
Training 2536 2960
Validation 317 370
Testing 317 370
Total 3170 3700

B. Data Preprocessing

All images in the dataset were processed through a stan-
dardized preprocessing pipeline to ensure consistency, improve
model convergence, and enhance generalization. The pipeline
consisted of the following steps:

Resizing: All images were resized to 224 × 224 pixels
to match the input requirements of the ImageNet-pretrained
architectures used in this study, specifically EfficientNet-B0
and Swin Transformer-Tiny [29], [30]. This standardization
ensures consistent spatial dimensions across samples and fa-
cilitates seamless feature fusion between model branches.

Normalization: Pixel values were first scaled from the
original 0–255 range to [0,1] by dividing by 255. They were
then normalized to the range [-1,1] by subtracting 0.5 and
dividing by 0.5 for each color channel. This centers the
data distribution, stabilizes gradient-based learning, accelerates
convergence, and aligns input statistics with those used during
pretraining of the backbone models [13].

Data Augmentation: To increase the diversity of the train-
ing data and mitigate overfitting [33], several augmentation
techniques were applied during training. These included bright-
ness adjustment (random scaling of pixel intensity between
0.5× and 1.5×), random zooming (scaling factor up to 0.6×
of the original image size), and random cropping to simulate
variability in framing and viewpoint.

C. Feature Extraction

Feature extraction is the process of transforming complex,
high-dimensional raw data, such as images or text into a
compact set of informative numerical attributes known as
a feature vector [36], [37]. In this study, feature extraction
was performed using two parallel networks: EfficientNet-
B0 and Swin Transformer (Tiny configuration with patch
size 4 and window size 7), both initialized with ImageNet-
pretrained weights. To adapt the networks to the colposcopy
image classification task, the original classification heads were
discarded and the remaining network parameters were fine-
tuned during training. This design allows the models to retain
their pretrained representational capacity while adjusting to
domain-specific visual characteristics present in colposcopy
data, forming a stable and efficient foundation for the sub-
sequent stages of the proposed framework [34].

EfficientNet-B0 uses compound scaling to balance network
depth, width, and input resolution, allowing it to extract
hierarchical features efficiently while keeping computational
costs low [29]. The input image X ∈ R3×224×224 is processed
through a sequence of convolutional layers and mobile inverted
residual blocks, which progressively capture features from
low-level spatial details, such as edges and textures, to high-
level semantic patterns relevant for classification. After these
layers, a global average pooling operation is applied, which
compresses each feature map into a single value by averaging
over its spatial dimensions. This produces a 1280-dimensional
feature vector, where each dimension represents a summary of
a distinct feature detected by the network. This vector is then
refined through channel and spatial attention modules,followed
by bidirectional cross-attention with the Swin Transformer
features, making it suitable for integration with them for
subsequent processing.

The Swin Transformer (Tiny variant, patch size 4 × 4,
window size 7 × 7) processes the image as a sequence of
non-overlapping patches [30]. For an input of size 224× 224,
the image is partitioned into 224

4 × 224
4 = 3136 patches.

After propagation through the transformer blocks, the final
patch embeddings are averaged to produce a 768-dimensional
feature vector. To ensure dimensional compatibility with the
EfficientNet branch, a linear projection is applied as shown in
Eq. (1):

fswin = W⊤ · Swin-T(X) + b, fswin ∈ R1280, (1)

where, W ∈ R768×1280 and b ∈ R1280 denote the learnable
projection matrix and bias term, respectively.
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D. Channel Attention Module

A Channel Attention Module, inspired by the Squeeze-
and-Excitation network [27], is integrated to adaptively re-
calibrate channel-wise feature responses by modeling inter-
dependencies between channels. Given an input feature map
f ∈ RB×C×H×W , a global average pooling operation is first
applied to generate a compact channel descriptor z ∈ RB×C .
The squeeze operation aggregates spatial information into a
single channel-wise statistic, formulated as Eq. (2):

zc =
1

H ×W

H∑
i=1

W∑
j=1

fc(i, j), (2)

where, zc represents the aggregated response of the c-
th channel. Next, an ‘excitation’ step is performed to cap-
ture inter-channel dependencies through a bottleneck structure
comprising two fully connected layers. This transformation is
expressed in Eq. (3):

a = σ(W2 · δ(W1 · z)), (3)

where, W1 ∈ RC/r×C and W2 ∈ RC×C/r are learnable
parameters, r = 16 is the reduction ratio, δ denotes the
ReLU activation, and σ is the sigmoid function. The resulting
activation vector a serves as channel attention weights. Finally,
these weights are applied to the original feature map via
channel-wise multiplication, as shown in Eq. (4):

f̃ = a⊗ f , (4)

where, ⊗ denotes element-wise channel scaling. This
mechanism strengthens informative channels while suppress-
ing less relevant ones, thereby improving the discriminative
power of the learned representation.

E. Spatial Attention Module (SAM)

To complement the channel-wise focus, a SAM is in-
corporated to direct the model’s focus towards the most
informative spatial regions within the feature maps [28]. This
module generates a spatial attention map that highlights where
an informative part is located, regardless of channel-specific
responses. Given an input feature map f ∈ RB×C×H×W , we
first aggregate channel information by applying both average
pooling and max pooling operations along the channel axis, as
shown in Eq. (5) and Eq. (6), respectively:

favg =
1

C

C∑
c=1

fc, favg ∈ RB×1×H×W (5)

fmax = max
c=1,...,C

fc, fmax ∈ RB×1×H×W (6)

These maps are then concatenated along the channel di-
mension to form a composite feature descriptor:

fcat = [favg; fmax], fcat ∈ RB×2×H×W (7)

where, [; ] denotes concatenation.

A convolutional layer with a 7 × 7 kernel is applied to
this concatenated descriptor in Eq. 7 to produce a preliminary
spatial map. This is followed by a sigmoid activation function
σ to generate the final spatial attention map as in Eq. (8), with
values constrained between 0 and 1:

as = σ
(
Conv7×7(fcat)

)
, as ∈ RB×1×H×W (8)

The output of the module is obtained by multiplying this
attention map in Eq. (8) across every channel of the original
input feature map, as shown in Eq. (9):

f̃ = as ⊗ f (9)

where, ⊗ denotes element-wise multiplication. This mech-
anism emphasizes feature responses in salient regions while
suppressing information from irrelevant areas, thereby enhanc-
ing the model’s spatial discriminative capabilities.

F. Bidirectional Cross-Attention Mechanism

To facilitate synergistic interaction between the
feature representations from the EfficientNet-B0 and
Swin Transformer branches, a bidirectional cross-
attention mechanism with multi-head attention (MHA) was
implemented. This allows each branch to dynamically attend
to and assimilate relevant features from the other, fostering a
more cohesive and discriminative fused representation.

Let Fe ∈ RB×L×C and Fs ∈ RB×N×D denote the
reshaped feature tensors from the EfficientNet and Swin Trans-
former branches, respectively, where L = H ×W represents
the spatial token length, N is the number of Swin tokens, and
C,D are their corresponding feature dimensions. The bidi-
rectional cross-attention is formalized through two symmetric
attention blocks:

1) EfficientNet to Swin Transformer (E → S) direction:
The Swin Transformer features act as the Query, seeking
information from the EfficientNet branch’s Key and Value [35]:

Qs = FsW
Q
s , Qs ∈ RB×N×dk , (10a)

Ke = FeW
K
e , Ke ∈ RB×L×dk , (10b)

Ve = FeW
V
e , Ve ∈ RB×L×dv . (10c)

2) Swin Transformer to EfficientNet (S → E) direction: The
EfficientNet features act as the Query, incorporating contextual
information from the Swin branch:

Qe = FeW
Q
e , Qe ∈ RB×L×dk , (11a)

Ks = FsW
K
s , Ks ∈ RB×N×dk , (11b)

Vs = FsW
V
s , Vs ∈ RB×N×dv . (11c)

where, WQ,WK ,WV in Eq. (10) and Eq. (11) are
learnable projection weights.
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The Multi-Head Attention (MHA) mechanism with h = 8
heads is applied independently in each direction. For the E →
S direction, the projected Query, Key, and Value tensors are
first split into h distinct heads along the feature dimension.
The operations for the i-th head are then defined as shown in
the Eq. (12) :

Qi
s = QsW

i
Qs

, Qi
s ∈ RB×N×dh , (12a)

Ki
e = KeW

i
Ke

, Ki
e ∈ RB×L×dh , (12b)

V i
e = VeW

i
Ve
, V i

e ∈ RB×L×dh . (12c)

where, dh = dk/h = dv/h is the dimension per head, and
Wi

Qs
,Wi

Ke
,Wi

Ve
are the projection weights for the i-th head.

For each head, the scaled dot-product attention is computed
independently. This involves calculating a compatibility score
between each Query and Key vector, which determines how
much focus to place on different parts of the input [see
Eq. (13)]:

Attention(Qi
s,K

i
e, V

i
e ) = softmax

(
Qi

s(K
i
e)

⊤
√
dh

)
V i
e . (13)

The softmax function is applied row-wise to generate a
probability distribution (attention weights) over the L spatial
locations for each of the N tokens. The output for each
head is consequently a weighted sum of the Value vectors,
with weights determined by the Query-Key compatibility. The
outputs of all h heads are then concatenated along the feature
dimension, as shown in the Eq. (14):

Hs = [Head1s;Head2s; . . . ;Headh
s ],

Hs ∈ RB×N×(h·dh) = RB×N×dv .

(14)

Finally, the concatenated output is linearly projected back
to the original dimension D using a learned output matrix
WO ∈ Rdv×D, [see Eq. (15)]:

MHA(Qs,Ke, Ve) = HsWO. (15)

This multi-head design allows the model to jointly attend to
information from different representation subspaces at different
positions, effectively capturing a diverse set of complementary
features. The final refined feature for the Swin branch is
obtained via a residual connection and layer normalization,
as shown in Eq. (16):

F̃s = LayerNorm(Fs + MHA(Qs,Ke, Ve)). (16)

An identical process is applied in the S → E direction
to obtain F̃e. The enriched feature representations, F̃s and
F̃e, produced by the bidirectional cross-attention module are
fused via global average pooling followed by concatenation,
yielding a unified feature vector z ∈ RB×512. This vector is
subsequently processed by a Multi-Layer Perceptron (MLP)
classifier to transform the high-level features into a probability
distribution over the C target classes, where C = 2 in our case.

G. Multi-Layer Perceptron (MLP) Classifier

The fused feature vector z ∈ R512, obtained from the
bidirectional cross-attention module, is processed by a Multi-
Layer Perceptron (MLP) classifier. This network transforms
the input features into a probability distribution over the
target classes. The classifier comprises three hidden layers,
progressively reducing the dimensionality from 512 to 128,
followed by a linear output layer mapping to the number of
output classes C. The dimensionality reduction follows the
sequence: 512 → 256 → 128 → C.

The input to the first layer is the fused feature vector h(0) =
z. The layer applies a linear transformation using a weight
matrix W (1) ∈ R512×512 and bias vector b(1) ∈ R512, as shown
in Eq. (17). Batch normalization is applied to the linear output,
followed by a GELU activation and dropout. The resulting
output, hereafter denoted as h(1), serves as the input to the
next layer.

z(1) = h(0)W (1) + b(1) (17)

The second layer receives h(1) ∈ R512 and projects it to
256 dimensions using W (2) ∈ R512×256 and b(2) ∈ R256,
as shown in the Eq. (18).The linear output is subsequently
normalized through batch normalization, followed by the ap-
plication of a LeakyReLU activation function with a negative
slope and dropout, producing h(2), which serves as the input
to the third layer.

z(2) = h(1)W (2) + b(2) (18)

The third hidden layer reduces the dimensionality of h(2)

from 256 to 128 using the weight matrix W (3) ∈ R256×128

and bias vector b(3) ∈ R128, as shown in Eq. (19). The linear
output is subsequently normalized through layer normalization,
followed by the application of a SiLU (Swish) activation
function and dropout, yielding the final hidden representation
h(3).

z(3) = h(2)W (3) + b(3) (19)

The output layer linearly projects h(3) ∈ R128 to C
dimensions using W (4) ∈ R128×C and b(4) ∈ RC , producing
the logits u, as shown in Eq. (20). These logits are then
converted into a probability distribution over the output classes
using the softmax function [Eq. (21)]. Finally, the predicted
class ĉ is obtained by selecting the class with the highest
probability, as defined in Eq. (22).

u = h(3)W (4) + b(4) (20)

ŷ = softmax(u) (21)

ĉ = argmax
j

ŷj (22)
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IV. EXPERIMENTAL SETUP AND EVALUATIONS

A. Computing Environment

All experiments were conducted in the Google Colab
environment equipped with an NVIDIA GPU, leveraging the
CUDA architecture for accelerated deep learning computa-
tions. The software environment was built on Python 3.10.12
using the PyTorch deep learning framework. Key libraries
included torchvision for image preprocessing and data loading,
timm (Torch Image Models) for access to pre-trained backbone
networks, and scikit-learn for comprehensive evaluation met-
rics.

B. Training Configuration and Hyperparameters

For both the baseline concatenation model and the pro-
posed attention-guided fusion model, identical training con-
figurations were employed to ensure a fair comparison. The
training hyperparameters used in this study are summarized
in Table II. The models were trained for 50 epochs with a
batch size of 8 using the AdamW optimizer, a learning rate
of 5× 10−5, and a weight decay of 0.01. These hyperparam-
eters were selected based on prior transformer-based litera-
ture, preliminary experimental validation, and computational
constraints associated with training dual-branch architectures.
Model performance was evaluated using 5-fold stratified cross-
validation to ensure robustness and reduce variance, and the
reported metrics correspond to the aggregated performance
across all folds.

AdamW was chosen because its decoupled weight decay
improves generalization and helps mitigate overfitting, particu-
larly in transformer-based networks [39]. The learning rate was
determined through pilot experiments that demonstrated stable
convergence during fine-tuning of pre-trained models, while a
weight decay of 0.01 provided effective regularization without
limiting model capacity. The batch size of 8 was necessitated
by GPU memory limitations; however, smaller batch sizes
have also been shown to promote better generalization in
medical imaging tasks with moderately sized datasets. Training
for 50 epochs ensured adequate convergence, as validation
performance plateaued beyond this point during preliminary
experiments.

The hidden layers utilized GELU, LeakyReLU, and SiLU
activation functions to exploit their complementary strengths:
GELU provides smooth non-linearity suitable for transformer
components, LeakyReLU prevents the dying neuron prob-
lem in convolutional layers, and SiLU introduces self-gating
behavior that enhances feature representation. A weighted
categorical cross-entropy loss function was applied to address
class imbalance within the dataset. Maintaining this consistent
training configuration across all experiments ensures that any
observed performance differences can be attributed to architec-
tural innovations rather than variations in optimization strategy.

C. Metrics for Evaluating Performance

Model performance was assessed using standard classifica-
tion metrics. For binary classification, let TP, TN, FP, and FN
denote true positives, true negatives, false positives, and false
negatives, respectively. The following metrics were computed
[see Eq. (23) to Eq. (27)]:

TABLE II. TRAINING HYPERPARAMETERS USED FOR BOTH THE
BASELINE CONCATENATION MODEL AND THE PROPOSED

ATTENTION-GUIDED FUSION MODEL

Hyperparameter Value
Epochs 50
Batch Size 8
Optimizer AdamW
Learning Rate 5 × 10−5

Weight Decay 0.01
Loss Function Weighted Categorical Cross-Entropy
Activation Function (Hidden Layers) GELU, LeakyReLU, SiLU
Activation Function (Output Layer) Softmax

Accuracy =
TP + TN

TP + TN + FP + FN
(23)

Accuracy measures the overall proportion of correctly
classified samples out of all predictions.

Precision =
TP

TP + FP
(24)

Precision evaluates how many of the samples predicted as
positive are actually positive, reflecting reliability in identify-
ing abnormal cases.

Recall =
TP

TP + FN
(25)

Recall (or sensitivity) measures how many actual positive
samples are correctly identified, which is critical in medical
diagnosis to minimize missed cases.

F1-Score = 2 · Precision · Recall
Precision + Recall

(26)

The F1-Score balances precision and recall, providing a
single measure of overall classification effectiveness, espe-
cially useful when dealing with imbalanced datasets.

Cohen’s Kappa =
Po − Pe

1− Pe
(27)

Cohen’s Kappa measures the agreement between predicted
and actual classifications while accounting for agreement oc-
curring by chance. It provides a more robust evaluation than
accuracy alone, particularly in imbalanced datasets.

The observed agreement Po is defined as Eq. (28):

Po =
TP + TN

TP + TN + FP + FN
(28)

The expected agreement Pe is computed as Eq. (29):
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Pe =
(TP + FP )(TP + FN)

(TP + TN + FP + FN)2

+
(FN + TN)(FP + TN)

(TP + TN + FP + FN)2
(29)

Kappa values range from −1 to 1, where κ = 1 indicates
perfect agreement, κ = 0 indicates agreement equivalent to
random chance, and κ < 0 indicates disagreement worse
than chance. Higher Kappa values, therefore, indicate stronger
and more reliable classification performance beyond random
coincidence.

To complement these quantitative metrics, performance
is further analyzed using visualization techniques such as
confusion matrices, Receiver Operating Characteristic (ROC)
curves, and learning curves, which provide deeper insight into
class-wise behavior, discriminative capability and convergence
characteristics of the models.

D. Experimental setup

To rigorously assess the effectiveness of the proposed
attention-guided fusion strategy, we implemented two experi-
mental configurations. The baseline model, which used simple
concatenation to combine CNN and transformer representa-
tions, provided a reference for performance without attention
mechanisms. The proposed model incorporated an attention-
guided fusion strategy. This approach dynamically reweights
features from both branches to emphasize diagnostically rele-
vant patterns.

1) Concatenation-based fusion model (baseline): The
concatenation-based fusion model was designed as a baseline
to assess the contribution of attention mechanisms. In this con-
figuration, feature representations extracted from EfficientNet-
B0 and Swin Transformer–Tiny were directly concatenated
along the feature dimension without applying any attention
operation. Specifically, the 1280-dimensional feature vector
produced by EfficientNet-B0 and the 768-dimensional feature
vector obtained from Swin Transformer–Tiny were concate-
nated to form a 2048-dimensional fused representation. The
resulting feature vector was processed by a Multi-Layer Per-
ceptron (MLP) classifier consisting of three sequential hidden
layers with 512, 256, and 128 units, respectively. Each hidden
layer incorporated normalization and nonlinear activation func-
tions, employing GELU, LeakyReLU, and SiLU activations in
successive layers, along with dropout rates of 0.5, 0.4, and
0.3, to improve generalization and mitigate overfitting. The
classifier was finalized with a linear output layer for binary
classification. Model optimization was performed using the
AdamW optimizer with a learning rate of5×10−5 and a weight
decay of 0.01. This baseline model provides a strong yet simple
fusion strategy, serving as a reference point for evaluating the
performance gains achieved by the proposed attention-based
fusion framework.

2) Attention-based fusion model (proposed model): As
illustrated in the Methodology section, the proposed model
introduces a multi-stage attention-based fusion framework to
effectively integrate features extracted from EfficientNet-B0
and Swin Transformer–Tiny. Following independent feature

extraction, the 768-dimensional output of the Swin Trans-
former–Tiny branch is projected into a 1280-dimensional fea-
ture space via a linear transformation to ensure dimensional
compatibility with the EfficientNet-B0 branch. Prior to feature
fusion, each branch is refined separately using sequential
Channel Attention and Spatial Attention modules. The Channel
Attention module employs adaptive average pooling followed
by a sigmoid-activated MLP to compute channel-wise impor-
tance weights, while the Spatial Attention module emphasizes
salient spatial regions through mean and max pooling oper-
ations followed by a one-dimensional convolution. The core
fusion mechanism is implemented through a CrossAttnFusion
module, in which features are projected into Query (Q), Key
(K), and Value (V) vectors and cross-attention is computed
in both directions. The attended outputs from both directions
are concatenated using the torch.cat operation and passed
through a linear layer with ReLU activation to form a unified
representation. This fused representation is subsequently pro-
cessed by a multi-layer classifier that progressively reduces the
feature dimensionality from 512 to 256 and finally 128 units.
Each stage incorporates normalization and nonlinear activation
functions GELU, LeakyReLU, and SiLU along with dropout
rates of 0.5, 0.4, and 0.3, respectively, to enhance robustness
and generalization. The final classification layer maps the 128-
dimensional representation to two output units, corresponding
to the normal and abnormal classes. Training was conducted
using the Weighted Categorical Cross-Entropy loss function,
implemented via PyTorch’s nn.CrossEntropyLoss with
class weights to account for dataset imbalance. The model was
optimized using the AdamW optimizer with a learning rate of
5× 10−5 and a weight decay of 0.01. During inference, class
predictions were obtained using argmax(1), while class
probabilities for ROC analysis and other evaluation metrics
were computed using torch.softmax(outputs, 1).

This experimental design isolates the effect of the attention
mechanism, allowing direct attribution of any performance
differences to the fusion strategy rather than extraneous factors.

V. RESULTS AND DISCUSSION

A. Quantitative results

As shown in Table III, the proposed model demonstrates
consistent and substantial improvements over baseline model
across all evaluation metrics. Classification accuracy increases
by 10.77 percentage points, indicating a marked enhancement
in overall predictive performance. Similarly, the F1-score
improves by 10.76 percentage points, reflecting more balanced
classification across classes. Notably, Cohen’s Kappa exhibits
a substantial increase of 21.45 percentage points, highlighting
a significantly stronger agreement beyond chance and
confirming the robustness of the proposed attention-guided
fusion strategy.

B. Qualitative Results

The confusion matrices presented in Fig. 5 and Fig. 6
provide a detailed class-wise evaluation of the models on
the test dataset.The results demonstrate a clear performance
improvement when using the attention-guided fusion model
compared to the simple concatenation model. In the simple
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TABLE III. PERFORMANCE COMPARISON ON THE TEST DATASET

Metric Baseline
Model (%)

Proposed
Model (%) Absolute

Improvement(%)

Accuracy 83.99 94.76 +10.77

Precision 84.09 94.68 +10.59

Recall 84.28 94.82 +10.54

F1-score 83.98 94.74 +10.76

Cohen’s Kappa 68.03 89.48 +21.45

concatenation approach, although the model achieved a rea-
sonable number of correct classifications (298 abnormal and
279 normal), it produced a relatively high number of false
negatives (72 abnormal cases misclassified as normal), which is
particularly concerning in a medical diagnostic context where
missed abnormal cases can delay treatment. In contrast, the
attention-guided model substantially reduced false negatives
from 72 to 22 and false positives from 38 to 14, while simul-
taneously increasing correct abnormal predictions (from 298 to
348) and correct normal predictions (from 279 to 303).These
improvements indicate that the attention mechanism enhances
feature discrimination by prioritizing more informative repre-
sentations within the hybrid architecture, thereby improving
overall classification reliability.

Fig. 5. Confusion matrix for the concatenation-based fusion model on the
test dataset.

This finding is strongly corroborated by the Receiver
Operating Characteristic (ROC) curves in Fig. 7 and Fig. 8.
While the baseline model achieved a respectable Area Under
the Curve (AUC) of 0.90 for both classes, the proposed model
attained a near-perfect AUC of 0.99. This significant increase
in AUC, consistent with the sharp reduction in confusion
matrix errors, underscores that the attention mechanism not
only boosts overall accuracy but also substantially improves
the model’s confidence and precision in separating the two
classes.

Fig. 6. Confusion matrix for the proposed attention-based fusion model on
the test dataset.

Fig. 7. ROC curve for the concatenation-based fusion model on the test
dataset.

C. Learning Curve Analysis

The learning dynamics of the two approaches, illustrated in
Fig. 9 and Fig. 10, provide additional insight into their behavior
during training. The concatenation-based fusion model exhibits
slower convergence, plateauing around epoch 30, and shows
variability in generalization during intermediate epochs, which
may indicate that the model struggles to locate the most
critical regions in the images. By contrast, the proposed model
stabilizes much earlier, between epochs 10 and 15, with closely
aligned training and validation accuracies, reflecting faster and
more consistent learning. This efficiency in convergence, com-
bined with the improved predictive performance, underscores
the effectiveness of the attention-guided fusion strategy in
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Fig. 8. ROC curve for the proposed attention-based fusion model on the test
dataset.

prioritizing clinically relevant features while reducing training
time. Collectively, these results highlight the potential of the
proposed model as a robust and reliable tool for automated col-
poscopy image analysis. By improving classification accuracy,
reducing misclassifications, and demonstrating stable learning,
the model supports safer and more efficient cervical cancer
screening workflows, complementing existing diagnostic pro-
cedures while minimizing the risk of missed diagnoses.

Fig. 9. Training and validation accuracy curve for the baseline model.

D. Model Classification Decisions

The Grad-CAM [38] visualizations in Fig. 11 illustrate that
the model effectively highlights the image regions most influ-
ential to its classification decisions. The figure presents four
representative samples (two normal and two abnormal), with
the top row showing the original images and predicted confi-
dence scores, and the bottom row displaying the corresponding
Grad-CAM heatmaps. The model achieves confidence scores

Fig. 10. Training and validation accuracy curve for the proposed
attention-based fusion model.

of 99.1% and 99.6% for normal samples and 88.5% and
99.1% for abnormal samples, indicating strong certainty in
distinguishing healthy from diseased tissue.

In the heatmaps, red regions denote areas of highest
importance, yellow indicate moderate importance, and blue
correspond to regions with minimal influence. The strongest
activations are consistently concentrated on irregular tissue pat-
terns, including lesion margins, atypical epithelial structures,
and abnormal coloration. This focused localization suggests
that the model bases its predictions on clinically relevant
pathological features rather than background artifacts.

Fig. 11. Grad-CAM visualizations highlighting regions of high and low
importance in colposcopy images.

E. Discussion

The attention mechanism fundamentally changes how the
hybrid model integrates information from its two component
architectures. Rather than simply combining features, it learns
to prioritize different types of visual information depending
on the input. This selective weighting explains the observed
error reduction: false negatives dropped from 72 to 22, and
false positives fell from 38 to 14. This pattern is particularly
significant in screening contexts, where missed abnormalities
carry greater clinical risk than over-calling normal tissue.

The training dynamics further demonstrate the value of
attention. The baseline model required more epochs to plateau,
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converging around epoch 30, whereas the proposed model
stabilized near epoch 10 with closely aligned training and val-
idation curves. This efficiency suggests that attention focuses
learning on informative regions from the outset.

The near-perfect AUC of 0.99 reflects how cleanly the
model separates classes in feature space. This indicates that
the internal representations of normal and abnormal cases form
two distinct clusters with minimal overlap, enabling confi-
dent predictions across any decision threshold. The attention
mechanism achieves this separation by ensuring that only
relevant features such as lesion margins, epithelial changes,
and vascular patterns contribute to the final representation,
while effectively suppressing background noise.

Despite the promising performance, several limitations
should be acknowledged. First, the model was trained and
evaluated on a relatively small dataset, which may limit its
generalizability to larger or more diverse populations. Second,
variations in imaging devices, staining protocols, or patient de-
mographics could affect performance when applied to external
cohorts. Third, the proposed hybrid model is computationally
demanding due to the large size of the EfficientNet and Swin
Transformer branches, which constrained the training batch
size to 8. Future work should focus on validating the model
on larger, more diverse datasets, optimizing computational
resource usage, and integrating complementary modalities,
such as histopathology images and clinical metadata, to further
enhance robustness and predictive performance. These findings
demonstrate that the proposed attention-based fusion model
outperforms the baseline in accuracy and reliability, providing
a clinically meaningful approach for precise and efficient
cervical cancer screening.

F. Comparative Analysis with Prior Studies

The proposed model was comparatively evaluated against
several representative CNN–Transformer–based cervical im-
age analysis frameworks reported in the literature. The
CVM-Cervix model [25] demonstrated the benefit of inte-
grating CNN-extracted cellular features with Vision Trans-
former–captured global contextual representations; Feature fu-
sion was performed using a multilayer perceptron (MLP),
which enables joint feature learning but lacks explicit attention
mechanisms to selectively emphasize diagnostically salient re-
gions. Similarly, the hybrid EfficientNet-B0–Swin-Tiny frame-
work [22] highlighted the potential of CNN–Transformer in-
tegration but employed a simple concatenation-based fusion
mechanism, achieving an accuracy of 87.5% after 30 training
epochs. The MFEM-CIN framework [24] further contributed
toward lightweight, multi-scale colposcopic image analysis;
nevertheless, its multi-scale feature fusion (MSFF) strategy
was primarily based on concatenation and linear projection,
which may constrain the modeling of complex inter-feature
dependencies. Beyond cervical imaging, a related hybrid ap-
proach combining a ResNet module with a transformer was
proposed in [23] for non-small cell lung cancer (NSCLC)
analysis. While the ResNet branch captured local volumetric
features and the transformer modeled long-range contextual
information, the use of simple feature concatenation resulted
in a maximum testing accuracy of 81.9%, underscoring the
limitations of uniform feature aggregation. In contrast, the

baseline model implemented in this study, which also em-
ployed concatenation-based fusion, achieved an accuracy of
83.99%, aligning with the performance trends observed in
prior concatenation-driven hybrid architectures. Notably, the
proposed attention-guided fusion model substantially outper-
formed both the baseline and existing methods, achieving
an accuracy of 94.76%. This improvement highlights the
effectiveness of attention mechanisms in selectively emphasiz-
ing diagnostically relevant regions and suppressing redundant
features during fusion (see Table IV).

TABLE IV. COMPARISON BETWEEN THE PROPOSED MODEL AND
RELATED STUDIES

Study Model Image type Fusion
Mechanism

Accuracy (%)

[25] CNN +
Transformer

Pap smear
images

Multilayer
Perceptron
(MLP)

91.72

[22] EfficientNet-
B0 + Swin-
Tiny

Colposcopy
images

Concatenation 87.50

[24] Multi-scale
CNN +
Transformer

Colposcopy
images

Concatenation 89.20

[23] ResNet +
Transformer

NSCLC CT
images

Concatenation 81.90

Our baseline EfficientNet-
B0 + Swin-
T

Colposcopy
images

Concatenation 83.99

Our proposed EfficientNet-
B4 + Swin-
T

Colposcopy
images

Attention-
guided
fusion
(Cross
attention)

94.76

G. Clinical Integration and Practical Implications

The proposed hybrid EfficientNet-B0 and Swin Trans-
former model with cross-attention fusion offers meaningful
potential to support cervical cancer screening and diagnostic
workflows. By processing colposcopy images in real-time,
the model can assist clinicians during routine gynecological
examinations, delivering rapid and data-informed interpreta-
tions. This capability helps mitigate the subjectivity and inter-
observer variability common in visual assessment, contributing
to more standardized and reproducible evaluations across prac-
titioners.

With its high predictive accuracy and robust generaliza-
tion, the model serves as a reliable decision-support tool
that complements established diagnostic techniques such as
Pap smears, HPV testing, and biopsy. Although the current
implementation is best suited for systems with GPU support,
future optimizations may enable broader adoption even in
resource-constrained clinical settings.

Importantly, the model produces interpretable attention
maps that highlight key regions in the images, including lesion
margins, abnormal epithelial pattern, and areas of unusual
coloration. These visual explanations assist pathologists and
radiologists in focusing on clinically relevant areas, prioritizing
critical casesand making more confident, informed diagnostic
decisions. Overall, the system is intended to support rather
than replace expert judgment, improving both the speed and
reliability of cervical cancer diagnosis in clinical practice.
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VI. CONCLUSION

This study proposed a novel attention-guided hybrid frame-
work for cervical cancer classification, integrating features
from EfficientNet-B0 and Swin Transformer. By applying
channel-wise and spatial attention prior to fusion, the model
effectively captured both global contextual information and
localized fine-grained details, addressing the limitations of
simple concatenation. The framework achieved strong perfor-
mance, with a test accuracy of 94.76%, precision of 94.68%,
recall of 94.82%, F1-score of 94.74%, and a Cohen’s Kappa
of 89.48%. Attention mechanisms were crucial in prioritizing
salient features, enhancing discriminative power, and reducing
misclassifications, while the accelerated and stable conver-
gence during training underscores the model’s efficiency.

Although these results are promising, future work should
focus on validating the framework on large-scale datasets
from diverse clinical institutions to ensure robust generalizabil-
ity. Incorporating complementary patient information, such as
clinical history and histopathology reports, could further im-
prove diagnostic accuracy and utility. Additionally, the flexible
design of the framework presents an opportunity to extend
its application to other gynecological cancers and imaging
modalities, broadening its potential clinical impact.
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