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INTRODUCTION 
Cervical cancer continues to be among the most 

prevalent causes of cancer-related deaths in women 

globally, especially in low- and middle-income nations 

where access to frequent screening and diagnostic 

facilities is not readily available. The World Health 

Organization estimates that over half a million new 

cervical cancer cases and over 300,000 cervical cancer 

deaths occur every year, with rates being much higher 

in resource-limited areas. Early identification and 

proper classification of cervical precancerous and 

cancerous lesions are significant in minimizing disease 

burden and enhancing survival. Conventional cytology-

based screening strategies, including Pap smears and 

colposcopy, have been largely practiced; these methods 

are, however, subject to subjectivity, inter-observer 

variations, and reliance on experienced pathologists [1]. 

To transcend these issues, computational pathology and 

artificial intelligence (AI)-based diagnostic systems are 

being studied more and more for automated cervical 

cancer classification. 

Over the past few years, medical image classification 

tasks have been performed with impressive results 

using deep learning-based image analysis methods. 

Convolutional Neural Networks (CNNs) have, in 

particular, been used with great success for cervical 

abnormality detection from colposcopic and 

histopathology images [2][3]. But current CNN-based 

approaches mainly deal with spatial image details, 

which usually constrain them from detecting subtle 

frequency and textural patterns that are discriminative 

in histopathology. Current work emphasized the 

significance of combining frequency and spatial 

features for enhancing classification performance in 

medical imaging [4]. In addition, although CNNs are 

best at local feature extraction, they tend to be poor in 

modeling global contextual dependencies, which are 

important to differentiate between morphologically 

similar cervical tissue subtypes. 

 

While Transformer-based models have made a recent 

surge in popularity in medical imaging for their 

capacity to model long-range dependencies, the 

majority of current works make use of plain CNNs or 

single-stream Transformers, missing out on the 

synergistic nature of interacting spatial and frequency-

domain representations. In addition, interpretability and 

explainability are still significant gaps in research on 

cervical cancer classification, since clinicians require 

not just valid predictions but also a clear understanding 

of the decision-making process [5]. Some explainable 

AI methods have been pursued to that extent, i.e., 

attention-based colposcopic image classifiers [6], but 

they do not generalize across heterogeneous patient 
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Abstract:      Cervical cancer is a global health issue that requires precise and timely detection 
techniques to enable efficient clinical decision-making. In this paper, we introduce a new deep 
learning paradigm for classification of cervical cancer image into six classes based on spatial and 
frequency-domain features. The input images are first improved using preprocessing operations like 
CLAHE, normalization, resizing, augmentation, and balancing. In addition, Discrete Wavelet 
Transform (DWT) is used to obtain frequency sub-bands that supplement the information in the 
spatial domain. Next, a dual-stream convolutional neural network (CNN) is used for extracting 
structural and textural features that are combined through an adaptive cross-attention block with 
learnable fusion weights. This allows for dynamic representation of spatial-frequency dependencies. 
The combined representation is then subjected to further refinement via a hierarchical transformer 
encoder, which is intended to learn local cellular patterns and global tissue-level dependencies. 
Lastly, a dense classification head with dropout predicts the stage of cervical cancer. The model is 
trained with an 80:20 train-test split, optimized with AdamW, and a composite loss function 
consisting of cross-entropy, focal loss, and attention consistency loss. Experimental outcomes prove 
that the proposed approach performs better accuracy, precision, recall, F1-score, and AUC than 
traditional baselines. Also, interpretability is guaranteed through Grad-CAM visualization for CNN 
streams, providing improved clinical explainability. This framework offers a robust and interpretable 
method for automatic cervical cancer diagnosis. 
 

Keywords:  Cervical Cancer Classification, Dual-Stream CNN, Discrete Wavelet Transform (DWT), 
Adaptive Cross-Attention Fusion, Hierarchical Transformer Encoder, Explainable Deep Learning, 
Attention Consistency Loss, Spatial-Frequency Feature Fusion. 

http://www.jrcd.eu/


203 J Rare Cardiovasc Dis. 

 

How to Cite this: Chamundeeswari N¹, Ramachandran R²*Adaptive Cross-Attention Fusion of Spatial–Frequency Features with Hierarchical 
Transformers for Cervical Cancer Classification. J Rare Cardiovasc Dis. 2025;5(S5):202-219. 

 

populations and datasets since they are based on limited 

feature modalities. 

 

Spurred by these deficiencies, the current research puts 

forward a new dual-stream approach that utilizes both 

frequency and spatial information for cervical cancer 

classification. While the spatial stream is intended to 

capture structural and morphological information, the 

frequency stream operates on Discrete Wavelet 

Transform (DWT)-derived sub-bands to yield fine-

grained texture and frequency features [7]. To properly 

integrate these disparate representations, we propose an 

Adaptive Cross-Attention Fusion (ACAF) mechanism, 

where cross-attention adaptively aligns frequency and 

spatial features, and trainable fusion weights modulate 

their relative influences based on the input. This is 

coupled with a Hierarchical Transformer Encoder, 

which encodes both global and local dependencies in 

the fused feature space, thus improving contextual 

comprehension [8]. 

 

The key contributions of this research are summarized 

as follows: 

 Dual-stream feature representation – A new 

spatial–frequency dual-stream CNN model is 

proposed, whereby improved images undergo 

CNN-S (spatial) and DWT-based sub-bands 

undergo CNN-F (frequency) for all-around feature 

representation. 

 Adaptive cross-attention fusion – ACAF is 

proposed to simultaneously align and fuse the 

spatial and frequency features, discovering 

interdependencies, and adaptively weighing their 

significances. 

 Hierarchical transformer encoding – Fused features 

are encoded using a hierarchical multi-head self-

attention transformer to represent both fine-grained 

and global contextual dependencies. 

 Robust classification head with hybrid loss – A 

hybrid loss function involving cross-entropy, focal 

loss, and attention consistency loss is used, 

optimized with AdamW and weight decay along 

with sophisticated training techniques. 

 Exhaustive examination and explainability – The 

developed model is systematically tested on a six-

class cervical cancer dataset (80% training, 20% 

testing), and performance is indicated using 

accuracy, precision, recall, F1-score, and AUC. 

Visualization methods such as Grad-CAM and 

attention map analysis allow for the explainability 

of the model's outputs. 

 

Through the combination of spatial–frequency dual-

stream learning with hierarchical transformer encoding 

and adaptive cross-attention, this work overcomes the 

limitations of current cervical cancer classification 

approaches. The model improves not only predictive 

accuracy but also clinical trust through interpretability, 

towards AI-assisted precision diagnosis in cervical 

oncology. 

2. Review of Literature 

Umay Yadav et al. [9] introduce an intelligent machine 

learning-based cervical cancer detection system 

utilizing traditional algorithms. The work outlines the 

usability of decision trees, SVM, and random forests in 

medical image analysis. Even though their performance 

is competitive for small datasets, the absence of deep 

feature representation constrains the model to be scaled 

to larger and more diversified cervical image datasets. 

Rashmi Ashtagi et al. [10] take a machine learning 

pipeline to predict cervical cancer, with a focus on 

traditional predictive modeling techniques with minimal 

dependency on deep learning. They conclude that even 

though traditional methods provide computational 

complexity, they are beaten by deep learning and 

Transformer-based models in accuracy and 

generalization. He et al. [11] investigate texture and 

morphological features using SVM classifiers for the 

classification of histopathology images. Their 

contribution highlights the importance of manually 

crafted features in medical image processing. Even 

though deep learning methods have mostly surpassed 

classical techniques, this work emphasizes that classical 

techniques hold significance in resource-poor settings 

where deep networks cannot be employed. Abinaya and 

Sivakumar [12] introduce a 3D CNN fused with a 

Vision Transformer for cervical cancer classification. 

Their method takes advantage of volumetric feature 

extraction utilizing the 3D CNN and contextual learning 

improvement with the Transformer. The work shows 

enhanced classification accuracy over traditional CNN-

based models, especially in the ability to extract local 

and global dependencies within Pap smear datasets. 

Nonetheless, the computational expense of employing 

3D CNNs will restrict real-time application in clinical 

environments. 

 

Mohammed et al. [13] examine SWIN-Transformers 

combined with CNNs for the diagnosis of early cervical 

cancer. According to their findings, there are dramatic 

improvements in feature extraction, particularly in 

addressing histopathological variability between 

samples. The Transformer backbone enables improved 

global context modeling over CNN-only designs. 

However, the research highlights the imperative to have 

high-volume datasets to utilize the maximum 

generalization capability of Transformer-based 

networks. Xue Feng et al. [14] suggest an advanced 

Vision Transformer model for cervical pre-cancer 

classification. It is an improvement over typical ViTs in 

that it includes attention optimisation techniques to 

more adeptly capture cell morphology and tissue-level 

variation. The outcomes indicate large improvements in 

classification accuracy. While robust, the method is 

computationally expensive, which could limit its 

deployment in low-resource clinical settings. Zhang et 

al. [15] describe a ConvNeXt-based method for high-

accuracy classification of cervical precancerous lesions. 

Their method greatly improves feature learning over 
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conventional CNNs, particularly in dealing with 

intricate morphological patterns. The work shows the 

increasing power of next-generation CNN models for 

medical imaging applications. Shurong Niu et al. [16] 

propose a dual-module hybrid feature fusion model for 

lesion detection and classification in cervical cytology 

images. Their approach blends hand-designed features 

and deep learning representations to achieve strong 

performance at lesion severity discrimination. The 

combined approach emphasizes the value of combining 

complementary modalities. While encouraging, the 

method might necessitate lengthy preprocessing 

procedures, which may limit its ability to scale on 

various datasets. 

 

The TelsNet model [17] proposes a Temporal Lesion 

Network embedding within a Transformer model for 

cervical cancer detection. The methodology specifically 

addresses temporal lesion development by 

incorporating temporal relationships into the 

classification process. The model outperforms others in 

lesion progression tracking, paving the way for a new 

direction in the incorporation of temporal data in 

cervical cancer research. But the dependency on 

sequential image sets might limit its use in standard 

cytology or histopathology analysis. Sreelatha and 

Shivashetty [18] introduce a deep ensemble learning 

architecture with uncertainty-guided prediction ranking 

for Pap smear image classification. It uses an ensemble 

of multiple deep learning models to enhance robustness 

and adds uncertainty estimation to improve clinical 

interpretability. Their results indicate ensembles 

perform better than single models at predictive 

confidence. Yet, the difficulty of applying ensemble 

systems in practical settings may constrain real-world 

use. Tan et al. [19] propose a deep CNN model for 

cervical cancer diagnosis from Pap smear images. The 

research highlights the effectiveness of feature learning 

with CNNs for the morphological description of 

cervical cells. Although competitive accuracy is 

obtained by the model, its inability to be interpreted and 

less use of frequency-domain features limit its clinical 

reliability. Pei et al. [20] propose a radiomics-based 

classification model based on CT imaging to distinguish 

between tumor and normal cervical tissue in cervical 

cancer. The authors emphasize that radiomics features 

can capture subtle variations in tissue, with high 

diagnostic accuracy. This research extends the detection 

of cervical cancer from cytology and histopathology but 

remains less suited for population-level screening 

programs due to its dependency on CT scans. Prasetyo 

et al. [21] compare various CNN architectures to 

classify pre-cancerous cervical lesions using 

colposcopy datasets. Their comparative results bring 

out interesting facts about the relative advantages of 

architectures like VGG, ResNet, and DenseNet. The 

research observes that deeper architectures tend to 

perform better than shallow models in terms of 

accuracy, but are also much heavier in terms of 

computational resources. 

The studies under review collectively bring out the 

swift development of cervical cancer classification 

frameworks, from traditional machine learning models 

[9 - 11] to cutting-edge deep learning and Transformer-

based frameworks [12 - 21]. Although CNNs continue 

to be the workhorse for spatial feature learning, 

evolving architectures like Vision Transformers [12, 13, 

14, 15] and fusion-based hybrid frameworks [16, 17] 

hold promise in learning both local and global 

dependencies. Despite significant progress, challenges 

persist in computational efficiency, dataset 

generalizability, and model interpretability, motivating 

the need for more adaptive and explainable solutions in 

this domain.  

 

3. Proposed Methodology 

This research, "Adaptive Cross-Attention Fusion of 

Spatial–Frequency Features with Hierarchical 

Transformers for Cervical Cancer Classification" 

(ACAFSFFHT-CCC), introduces a sophisticated deep 

learning model for the automated classification of 

cervical cancer images into six categories. The work 

extends the dataset obtained in the authors' earlier work 

[22], wherein the dataset was heavily processed with a 

full preprocessing pipeline consisting of CLAHE for 

enhancing contrast, resizing, z-score normalization, and 

augmentation techniques of rotation, flipping, and color 

changes to balance the dataset. In this work, DWT is 

used to obtain frequency-domain sub-bands (LL, LH, 

HL, HH), yielding complementary textural features. 

The suggested ACAFSFFHT-CCC model utilizes a 

two-stream feature extraction technique: a spatial CNN 

stream extracts morphological and structural 

information from amplified images, and a frequency 

CNN stream obtains fine-grained features from DWT 

sub-bands. The features are combined using an adaptive 

cross-attention block, which allows dynamic weighting 

of spatial and frequency inputs. The combined 

representation is subsequently passed through a 

hierarchical transformer encoder to extract both global 

and local contextual dependencies and finally through a 

fully connected classification head with dropout to 

classify the six classes at high accuracy. Figure 1 shows 

the block diagram of the ACAFSFFHT-CCC 

framework. 
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RESULTS AND OBSERVATIONS: 
 

 
Figure 1. The block diagram of the proposed ACAFSFFHT-CCC model 

3.1 Image Preprocessing 

Preprocessing is an important stage in this work to get 

cervical cancer images ready for efficient feature 

extraction and classification. The data set used in the 

present research had already been preprocessed with 

operations like CLAHE for local contrast enhancement, 

resizing, z-score normalization, and data augmentation 

techniques like rotation, flipping, and color changes, as 

explained in the authors' own work [22]. These 

preprocessing operations helped in maintaining class 

balance and improving the model's robustness. The 

resulting preprocessed and balanced dataset is used as 

input for ensuing frequency-domain analysis and 

feature extraction in this current study. 

 

3.1.1 Discrete Wavelet Transform (DWT) 

Following preprocessing, DWT is used to process each 

image to obtain multi-resolution frequency features that 

are supplementary to spatial information. DWT breaks 

an image into several sub-bands of different frequency 

components, thus encoding coarse and fine details of 

texture. The transformation works by passing the image 

through a low-pass (scaling) and high-pass (wavelet) 

filter pair in both horizontal and vertical directions. The 

operation can be represented mathematically as: 

                                 

    (1) 

                                 

    (2) 

                                 

    (3) 

                                 

    (4) 

Where        denotes the input image,      and      
represent the scaling and wavelet functions 

respectively, and       correspond to the translation 

indices. 

The output of the transformation contains four sub-

bands: 

 LL (Approximation sub-band): Preserves low-

frequency information and global image structure. 

 LH (Horizontal sub-band): Records vertical 

edges and gradient changes. 

 HL (Vertical sub-band): Describes horizontal 

edge features. 

 HH (Diagonal sub-band): Codes high-frequency 

data like fine texture and micro-level changes. 

 

The DWT enables multi-resolution analysis, in which 

the LL sub-band may again be decomposed into another 

set of LL, LH, HL, and HH sub-bands at higher levels, 

enabling hierarchical texture description. A single-level 

2D DWT implemented in the present work with the 

Haar wavelet basis is the trade-off between 

computational efficiency and extracting discriminative 

texture detail. 

 

Further, DWT has the energy compaction property, 

which focuses the majority of image energy into the LL 

sub-band and scatters detailed frequency components to 

the LH, HL, and HH sub-bands. This feature makes 

efficient learning of features possible since low-

frequency features capture global shape and intensity, 

while high-frequency sub-bands highlight boundary 

irregularities and cytoplasmic granularity - both of 

which are essential for classification of cervical cells. 

The extracted sub-bands serve as the frequency-domain 

inputs to the frequency CNN stream in the 

ACAFSFFHT-CCC model, which are subsequently 

merged with the spatial CNN features using the 
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adaptive cross-attention mechanism, enhancing the 

discriminative ability of the network. 

 

3.2 Feature Extraction Using Dual-Stream CNNs 

After the preprocessing and DWT decomposition 

phases, the proposed ACAFSFFHT-CCC system 

extracts the features using two specialized 

convolutional neural network (CNN) streams: a spatial 

stream (CNN-S) and a frequency stream (CNN-F). 

These two networks run in parallel to extract 

complementary feature representations - CNN-S learns 

morphological and structural features from space-

enhanced images, whereas CNN-F learns textural and 

frequency patterns from the sub-bands derived from 

DWT. This two-stream architecture ensures that both 

spatial and spectral features of cervical cell images are 

represented in the feature space before fusion and 

classification. 

 

3.2.1 Spatial Feature Extraction (CNN-S) 

The spatial CNN takes as input the preprocessed RGB 

images of size          . The input tensor is 

denoted as: 

      
              

    (5) 

where each pixel intensity has been normalized to the 

range [0, 1]. 

The CNN goes through a series of convolution, batch 

normalization, non-linear activation, and max-pooling 

operations to extract hierarchically features of higher 

abstraction. 

 

a. Convolutional Layer: 

Each convolutional operation applies a set of   

learnable filters       
      across the input, where   

is the kernel size and ccc is the number of input 

channels. The convolution operation at spatial location 

      for the     filter is expressed as: 

                               
   

   
   

   
   

           (6) 

The output of this operation produces a feature map   , 

followed by an activation function: 

                              

    (7) 

Where      denotes the ReLU activation      
         , and    is the bias term. 

This non-linear activation adds sparsity and allows the 

network to be able to learn intricate spatial relations like 

nuclear borders, cytoplasm morphology, and 

intercellular borders. 

 

b. Batch Normalization: 

To stabilize and accelerate training, batch normalization 

is applied after each convolutional layer: 

 

    
     

   
   

           

     (8) 

Where    and   
  represent the mean and variance over 

the mini-batch, while   and   are learnable parameters. 

 

c. Max-Pooling: 

Every convolutional block is followed by a max-

pooling operation, which diminishes the spatial 

resolution but preserves the most important features: 

                                

     (9) 

where        is the local pooling region. This operation 

brings in translation invariance to the network, such that 

small positional shifts in cell structures do not influence 

the learned representation. 

After three convolutional and pooling blocks, the 

resultant feature tensor    is flattened into a one-

dimensional vector     
                  
     (10) 

This vector is then passed through a fully connected 

layer of 256 neurons, producing the spatial feature 

representation: 

                 
     (11) 

Where       
        and       

   . 

Thus,       
    encodes the high-level spatial features 

representing global shape, color, and morphology of 

cervical cells. This dense layer - named "feature_dense" 

in the code - is later used as the feature extractor output 

for CNN-S. 

3.2.2 Frequency Feature Extraction (CNN-F) 

Parallel to CNN-S, the frequency CNN (CNN-F) 

extracts features from the DWT-generated frequency-

domain sub-bands         , stacked into a 3-channel 

image        
             . This input representation 

maps complementary spectral information that 

highlights textural irregularities, edge transitions, and 

local oscillations - all important in discriminating 

between normal and dysplastic cell structures. 

The convolutional feature extraction procedure in CNN-

F is no different from CNN-S except that it takes place 

on wavelet-transformed data. Mathematically, each 

convolutional layer calculates: 

  
                

          
    

     (12) 

Where   
  and   

  represent the learnable weights and 

biases for the frequency domain filters. The ReLU 

activation emphasizes non-linear frequency responses, 

while batch normalization ensures stability: 

   
  

  
    

 

    
  

 
   

            

    (13) 

After every block, max-pooling reduces the feature 

maps, allowing CNN-F to capture invariant texture 

features and remove redundant high-frequency noise. 

Following the final pooling layer, the output tensor is 

flattened and projected to a 256-dimensional dense 

vector: 
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     (14) 

Where              
  ,       

      , and       
   . 

Thus,       
    represents the frequency-domain 

feature descriptor, encapsulating the multi-resolution 

texture and energy distribution patterns of the cell 

regions derived from DWT sub-bands. 

3.2.3 Grad-CAM Visualization of Spatial and 

Frequency Features 

For interpretability and transparency of the suggested 

ACAFSFFHT-CCC model, Gradient-weighted Class 

Activation Mapping (Grad-CAM) was utilized at the 

feature extraction phase to render the salient image 

locations that affect the decision of the model. Within 

the spatial CNN branch, Grad-CAM identified the 

morphological and structural features, including nuclear 

borders, texture of the cytoplasm, and chromatin 

density, that contribute most in cervical cancer stage 

classification. This visualization revealed that the 

spatial feature extractor        learns to emphasize 

diagnostically relevant areas corresponding to tissue 

deformation and cellular irregularities. Conversely, in 

the frequency CNN stream, Grad-CAM was generated 

over the DWT-derived sub-bands              , 

providing insight into how the model captures high-

frequency edge and low-frequency textural patterns that 

are otherwise less visible in the spatial domain. 

The Grad-CAM heatmap for a target class   is 

computed as 

         
           

 
  ,   where     

 

 
   

   

    
   

    (15) 

Here,    
  denotes the activation at spatial location       

in feature map      is the classification score for class 

 , and    represents the global importance weight of 

each feature map determined through gradient back-

propagation. The generated heatmaps were normalized 

and projected onto the original input and DWT-

transformed images to determine regions of highest 

model attention. 

By this dual-stream Grad-CAM examination, it was 

found that the spatial stream concentrates on global 

structural features and the frequency stream draws 

attention to detailed frequency hints. Collectively, these 

visualizations confirm that the adaptive cross-attention 

fusion accurately combines both domain-specific hints 

to enhance diagnostic accuracy. In addition, this 

interpretability mechanism underpins clinical reliability 

by proving that the decisions made by the 

ACAFSFFHT-CCC model are based on biologically 

and histologically interpretable features and not on 

spurious correlations. The sample Grad-CAM 

visualizations of spatial and frequency features for 

various cervical disease classes are shown in Figure 

2(a) and 2(b). 

 

   
Normal_columnar Normal_intermediate Carcinoma_in_situ 

   
Light_dysplastic Moderate_dysplastic Severe_dysplastic 

(a) Spatial Features 

   

   
Normal_columnar Normal_intermediate Carcinoma_in_situ 
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Light_dysplastic Moderate_dysplastic Severe_dysplastic 

(b) Frequency Features 

Figure 2. Grad-CAM visualization of Spatial and Frequency Features 

 

3.2.4 Combined Feature Representation 

After independent feature extraction, both networks 

yield compact 256-dimensional embeddings: 

                               

    (16) 

These feature vectors are then stored as NumPy arrays 

to be utilized in the adaptive cross-attention fusion 

phase later on. The merged feature matrix throughout 

the dataset can be written as: 

              
               

     (17) 

Where    denotes concatenation and   is the number of 

images in the dataset. 

This two-stream representation efficiently spans spatial 

perception and frequency awareness, creating a rich 

descriptor for each image, improving the 

discriminability of classification when fed to a 

hierarchical transformer and an ultimate classification 

head. 

 

3.3 Adaptive Feature Fusion Process 

The Adaptive Feature Fusion Process is a fundamental 

step within the proposed ACAFSFFHT-CCC 

framework, aimed at combining complementary spatial 

and frequency-domain information for enhanced 

classification accuracy. Following the spatial feature 

extraction from the improved images via a CNN-based 

stream and the frequency features from the DWT sub-

bands (LL, LH, HL, HH) via a parallel CNN stream, the 

two resulting feature representations are dynamically 

fused by means of an Adaptive Cross-Attention (ACA) 

mechanism. 

In this process, the spatial feature map       
            

and the frequency feature map       
            are first 

aligned through channel projection layers to ensure 

dimensional consistency. The weight of attention is then 

calculated to encode interdependencies between the two 

modalities. Cross-attention formulation can be written 

as: 

            
     

  

   
              

        
     

  

   
    

 (18) 

Where      and   represent the query, key, and value 

matrices derived from the respective feature maps, and 

   denotes the scaling factor to stabilize gradient 

updates. These attention matrices     and     enable 

bidirectional information flow between spatial and 

frequency domains, ensuring that each stream 

emphasizes features most relevant to the other. 

The adaptive fusion is achieved by weighting and 

aggregating the attended features as: 

                               

     (19) 

Where   and   are trainable adaptive weights that 

dynamically adjust the contribution of each modality 

during training. This mechanism permits the model to 

highlight structural patterns from spatial features and 

detailed textural information from frequency features, 

depending on their contextual importance. 

The fused representation        is then passed through a 

Hierarchical Transformer Encoder, which captures 

multi-level dependencies across the spatial-frequency 

domain through self-attention operations. The final 

encoded representation serves as input to the 

classification head, enabling accurate and 

discriminative identification of cervical cancer classes. 

 

3.3.1 Hierarchical Transformer Encoder 

The Hierarchical Transformer Encoder (HTE) module 

used in the introduced ACAFSFFHT-CCC structure is 

utilized to extract both local and global contextual 

relationships from the integrated spatial–frequency 

representation. Contrary to traditional CNNs, which are 

mainly concerned with the local receptive fields, the 

transformer-based encoder uses self-attention 

mechanisms to capture long-range dependencies 

between image areas and improve the perception of 

intricate tissue patterns in cervical cell images. 

The fused feature map           
           obtained 

from the adaptive feature fusion process is first 

flattened into a sequence of tokens and projected into an 

embedding space through a linear transformation. 

Positional encodings are included to preserve spatial 

order information. Each transformer layer in the HTE 

consists of a multi-head self-attention (MHSA) block 

and a feed-forward network (FFN), both followed by 

residual connections and layer normalization to achieve 

stable training. 

 

The multi-head self-attention mechanism computes 

attention as: 
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    (20) 

Where                 denote the query, key, and 

value matrices derived from the embedded token 

representations, and    is the dimensionality of the key 

vectors. Multiple attention heads operate in parallel to 

learn diverse feature relationships, and their outputs are 

concatenated as: 

            
                            

    

  (21) 

Where   represents the number of attention heads, and 

   is the output projection matrix. 

The hierarchical structure of the encoder is built by 

sequentially stacking several transformer blocks, in 

which lower layers concentrate on local refinement of 

features, and higher layers increasingly model global 

semantics and inter-class relationships. Such a 

hierarchical architecture facilitates effective information 

aggregation at different scales, allowing for more 

accurate discrimination among visually similar cervical 

cancer types. 

Finally, the global representation produced by the HTE 

is inputted to a fully connected classification head 

comprising dense layers and dropout regularization. 

This process maximizes generalization and reduces 

overfitting, ultimately leading to strong classification of 

cervical cancer images into six classes. 

 

3.4 Classification Head and Output Prediction 

After the extraction of rich spatial–frequency 

representations and contextual encoding through the 

HTE, the last step of the suggested ACAFSFFHT-CCC 

approach is to map these high-dimensional semantic 

features to class probabilities using a Classification 

Head. This element is tasked with learning 

discriminative boundaries between the six diagnostic 

classes - normal columnar, normal intermediate, 

carcinoma in situ, light dysplastic, moderate dysplastic, 

and severe dysplastic - with little overlap in the feature 

space. 

 

3.4.1 Global Representation Formation 

Let         
      denote the final output token 

embeddings from the top transformer layer, where   

represents the number of tokens and   the feature 

dimension. To obtain a compact global descriptor, a 

GAP operation is performed over the token axis: 

   
 

 
      

    
        

    (22) 

Where     
   

      corresponds to the embedding vector 

of the     token. The resultant       
  acts as a global 

context vector encapsulating both spatial–frequency and 

hierarchical attention information from the preceding 

modules. 

To enhance discriminative ability, a nonlinear 

projection layer is employed: 

                 

     (23) 

Where       
       and       

    denote the learnable 

parameters of the projection layer,    is the reduced 

embedding dimension, and      represents the ReLU 

activation function. This transformation normalizes the 

feature distribution and introduces nonlinearity for 

better class separability. 

 

3.4.2 Fully Connected Network for Class 

Discrimination 

The projected feature vector    is passed through a 

sequence of fully connected layers with dropout 

regularization to prevent overfitting: 

                      ,          

                     (24) 

Where       and       are trainable parameters. The 

dropout rate               stochastically deactivates 

neurons during training to encourage redundancy 

reduction and improve generalization. 

The output of the last dense layer,   , is then mapped to 

the final classification logits       , where     

corresponds to the number of diagnostic classes: 

              
    (25) 

Here,       
       and       

  denote the 

parameters of the final linear transformation, with    

being the dimensionality of   . 

 

3.4.3 Softmax-Based Probability Estimation 

To interpret the logits   as class probabilities, a 

softmax normalization is applied: 

           
        

         
 
   

                   

     (26) 

Where            represents the predicted 

probability that the input image    belongs to class  , 

and    is the logit corresponding to that class. The 

softmax ensures that all probabilities sum to one: 

              
       

    (27) 

This probabilistic formulation allows the model to 

express uncertainty and is suitable for multi-class 

discrimination. 

 

3.4.4 Optimization Objective 

The model parameters 

                            are optimized 

using the categorical cross-entropy loss, defined as: 

     
 

 
                       

 
   

 
    

     (28) 

Where   denotes the batch size,      is a one-hot 

encoded label for sample  , and              is 

the model-predicted probability for class  . The 

objective encourages the network to assign high 

probabilities to the correct classes while minimizing 

prediction entropy. 
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During training, the network utilizes the Adam 

optimizer with an adaptive learning rate technique to 

realize fast convergence and stable updates of gradients. 

L2 weight regularization and early stopping are 

implemented to further avoid overfitting on the small 

cervical image dataset. 

 

3.4.5 Decision Function and Final Prediction 

During inference, the class label    for a test image    

is obtained by selecting the class with the maximum 

posterior probability: 

                                    

     (29) 

This deterministic policy guarantees to each image the 

assignment of one top-scoring diagnostic category. The 

probability distribution can also be employed to 

measure prediction reliability, allowing uncertainty-

aware medical decision making. 

 

The Classification Head maps the top-level contextual 

embeddings to class probabilities using a well-

regularized dense network. Mathematically justified 

operations - such as global pooling, nonlinear 

projection, and softmax normalization - guarantee 

strong mapping from hierarchical features to diagnostic 

decisions. Combined with cross-entropy minimization 

and gradient-based interpretability, this module 

completes the ACAFSFFHT-CCC framework's end-to-

end learning pipeline to provide accurate and 

explainable cervical cancer stage classification. 

 

3.5 GUI-based Testing 

The Graphical User Interface (GUI) of the putative 

ACAFSFFHT-CCC model is created as an interactive 

and easy-to-use platform for testing and visualizing the 

process of cervical cancer classification. The interface 

adopts a 2×2 grid layout, with a clear and rational 

organization of different functional components. The 

control buttons — Load Image, Extract Features, 

Classify, and Exit — are present in the top-left panel so 

that users can execute operations step by step in a 

sequential manner. After an image is loaded, it appears 

in the top-right panel for visual inspection, while the 

bottom-left panel displays Grad-CAM visualizations of 

spatial and frequency feature activations to aid users in 

understanding model focus regions. The bottom-right 

panel shows the final classification outcome and the 

predicted class label. The GUI takes advantage of 

dynamic button enabling/disabling, and users are 

guided through the desired sequence without confusion. 

This formal and aesthetically uniform design not only 

maximizes usability but also offers an efficient testing 

platform for researchers and medical practitioners to 

study cervical cancer images and see how the 

ACAFSFFHT-CCC model processes both spatial and 

frequency domain characteristics. 

 

 

DISCUSSION 

The ACAFSFFHT-CCC model is prototyped based on 

Python's rich deep learning environment, utilizing the 

strength of established libraries like TensorFlow, Keras, 

OpenCV, and PyWavelets for hybrid spatial–frequency 

feature learning. The performance of the model is tested 

on a publicly accessible cervical image dataset [23], 

which first had 843 images of uneven distribution over 

six diagnostic classes. To handle the class imbalance 

problem and enhance the generalization of the model, 

an intensive data augmentation strategy was utilized to 

create 200 images per class, thus resulting in a balanced 

dataset of 1200 images. The improved dataset was 

divided into 80% for training and 20% for testing to 

support strong experimental assessment. The 

classification ability of the new hybrid transformer-

based fusion model was evaluated through common 

evaluation metrics, including accuracy, precision, 

recall, and F1-score, showing its better ability to 

correctly classify various phases of cervical cancer. The 

detailed composition of the dataset, including the 

number of images and their corresponding diagnostic 

labels, is summarized in Table 2. 

 

 

Figure 3(a) shows typical original cervical cancer images of six different diagnostic classes, whereas Figure 3(b) shows 

their respective pre-processed versions after being enhanced through the proposed enhancement pipeline. 

      
(a)  

      
(b) 

Figure 3. (a) Original Images (b) Pre-processed Images 
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Table 1. Layer wise architecture of the proposed ACAFSFFHT-CCC model 

Stage Layer Type / Module Output Shape Description 

Input Spatial Image Input (H, W, 3) Preprocessed cervical image after 

CLAHE, normalization, resizing, 

and augmentation 

Input Frequency Image Input (H, W, 3) DWT sub-bands (LL, LH, HL, HH) 

combined into multi-channel 

representation 

Stage 1 Spatial CNN Stream - Extracts spatial-domain 

morphological and structural 

features 

 Conv2D (3×3, 64 filters) (H/2, W/2, 64) Local feature extraction with ReLU 

activation 

 Conv2D (3×3, 128 

filters) 

(H/4, W/4, 128) Deeper texture representation 

 Batch Normalization + 

MaxPooling 

(H/8, W/8, 128) Stabilizes and reduces feature maps 

Stage 2 Frequency CNN Stream - Extracts fine-grained texture and 

frequency features from DWT sub-

bands 

 Conv2D (3×3, 64 filters) (H/2, W/2, 64) Feature extraction from frequency 

patterns 

 Conv2D (3×3, 128 

filters) 

(H/4, W/4, 128) Encodes DWT-based 

representations 

 Batch Normalization + 

MaxPooling 

(H/8, W/8, 128) Normalizes and downsamples 

feature maps 

Stage 3 Adaptive Cross-

Attention Fusion Block 

(CAB) 

- Integrates spatial and frequency 

tokens with dynamic weighting 

 Query (Q), Key (K), 

Value (V) projections 

(N, 256) Transforms features into 

transformer-compatible 

embeddings 

 Multi-Head Attention (4 

heads) 

(N, 256) Cross-domain attention 

computation 

 Adaptive Weight 

Generator 

(2,) Learns trainabl  fusion w ights α 

 nd β for f  tur  b l ncing 

 Fusion Equation (N, 256) Fus d = α × S  ti l + β × 

Frequency 

Stage 4 Hierarchical Transformer 

Encoder 

- Captures local and global 

contextual dependencies 

 Local Transformer 

Layers (2) 

(N, 256) Extracts localized relational 

patterns 

 Global Transformer 

Layers (2) 

(N, 256) Captures long-range dependencies 

Stage 5 Feature Pooling and 

Projection 

- Generates compact fused feature 

representation 

 Global Average Pooling (256,) Aggregates token-level information 

 Fully Connected + ReLU (256,) Non-linear feature transformation 

 Concatenation (512,) Combines spatial and frequency 

fused vectors 

Stage 6 Classification Head - Predicts final cervical disease class 

 Dense (256) + ReLU + 

Dropout 

(256,) Feature refinement and 

regularization 

 Dense (6) + Softmax (6,) Generates class probabilities for six 

cervical disease categories 
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The complete proposed ACAFSFFHT-CCC framework is explained in the following algorithm. 

Algorithm: ACAFSFFHT-CCC - Adaptive Cross-Attention Fusion of Spatial–Frequency Features with 

Hierarchical Transformers for Cervical Cancer Classification 

Input: Preprocessed cervical cell image dataset with DWT sub-bands (LL, LH, HL, HH) and six class labels 

Output: Trained ACAFSFFHT-CCC model, fused features, attention maps, Grad-CAM visualizations, and 

classification metrics 

1. Initialization 

•  D fin  s  ti l CNN (CNN-S) and frequency CNN (CNN-F) architectures for dual-stream feature 

extraction. 

•  S t hy  r  r   t rs: i  g  siz  (128×128), b tch size, learning rate, optimizer (Adam), epochs, 

wavelet basis (Haar), transformer dimension (256), attention heads (4), local/global transformer layers. 

•  Cr  t  dir ctori s for  od ls, f  tur s,  tt ntion    s, Gr d-CAM results, and outputs. 

2. Dataset Preparation 

•  Us  d t s t  r  roc ss d in  rior work [22]: CLAHE, r sizing, z-score normalization, data 

augmentation, and class balancing. 

•  A  ly 2D Discr t  W v l t Tr nsfor  (DWT) to   ch  r  roc ss d i  g  to obt in sub-bands LL, 

LH, HL, HH; construct frequency input. 

3. Dual-Stream Feature Extraction 

•  F  d  r  roc ss d RGB i  g  into CNN-S to obtain spatial feature map S and 256-D spatial 

embedding z_s. 

•  F  d DWT-derived multi-channel frequency image into CNN-F to obtain frequency feature map F and 

256-D frequency embedding z_f. 

• O tion lly s v    b ddings for  ll s   l s  s s  ti l_f  tur s.n y  nd fr qu ncy_f  tur s.n y. 

4. Tokenization and Projection 

•  Proj ct s  ti l  nd fr qu ncy f  tur     s to co  on tr nsfor  r di  nsion D vi  1×1 convolutions: 

S' = Conv1x1(S), F' = Conv1x1(F). 

•  Fl tt n s  ti l grids into tok n s qu nc s. 

5. Cross-Attention Block (CAB) 

•  Co  ut   ulti-head cross-attention where spatial tokens act as queries and frequency tokens act as 

keys/values. 

•  Conc t n t  h  d outputs and apply linear projection and residual connection to obtain cross-attended 

tokens T_CAB. 

6. Adaptive Weight Generation and Fusion 

•  A  ly glob l  v r g   ooling to T_S  nd T_CAB to  roduc  co   ct v ctors s  nd c. 

•  P ss [s; c] through   s  ll MLP + soft    to obt in  d  tiv  w ights [α, β] (α+β=1) indic ting s  ti l 

vs. frequency importance. 

•  Fus  tok n-l v l r  r s nt tions: T_fus d = α * Proj_s(T_S) + β * Proj_c(T_CAB). 

7. Hierarchical Transformer Encoding 

•  A  ly loc l tr nsfor  r l y rs to T_fused to capture neighborhood relations (LOCAL_LAYERS 

times). 

•  A  ly glob l tr nsfor  r l y rs to  ggr g t  long-range dependencies (GLOBAL_LAYERS times). 

•  Nor  liz   nd r fin  tok n   b ddings with r sidu l conn ctions  nd FFNs. 

8. Feature Pooling and Final Fusion Vector 

•  Glob l  v r g   ool th  to  tr nsfor  r tok ns to obt in v ∈ R
D
. 

•  Proj ct v to two co  l   nt ry v ctors vi  d ns  l y rs  nd conc t n t  to for    512-D fused feature 

vector v_final = [v_s; v_c]. 

•  S v  fus d f  tur s for downstr    cl ssific tion or  n lysis. 

9. Classification Head and Training 

•  Tr in   cl ssification head (Dense + Dropout + Dense(6, softmax)) on fused vectors with categorical 

cross-entropy loss. 

•  Us  Ad   o ti iz r with sch dul d l  rning r t , L2 r gul riz tion,  nd   rly sto  ing b s d on 

validation loss. 

•  Co  ut   v lu tion   trics: accuracy, precision, recall, F1-score, confusion matrix, and ROC where 

applicable. 

10. Interpretability and Visualization 

•  G n r t  Gr d-CAM heatmaps for CNN-S and CNN-F using gradients of the predicted class w.r.t final 

conv feature maps. 

•  E tr ct multi-head cross-attention maps from CAB and self-attention maps from transformer layers; 

save as attention visualizations. 

•  Ov rl y Gr d-CAM heatmaps on original and DWT images for qualitative analysis. 
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11. GUI-based Testing and Deployment 

•  Provid    user-friendly GUI with Load Image, Extract Features, Classify, and Exit controls arranged in 

a 2×2 layout. 

•  Allow us rs to vi w th  origin l i  g , Gr d-CAM visualizations, and predicted label; enable stepwise 

button activation for guided testing. 

•  P ckage model and required artifacts for deployment or clinical testing. 

12. Output 

•  P rsist tr in d  od l, fus d f  tur s (512-D), adaptive fusion weights, attention maps, Grad-CAM 

images, and evaluation reports. 

•  Docu  nt  od l configur tion  nd  rovide scripts for reproducibility. 

 

Table 2. Distribution of Cervical Cancer Images Across Diagnostic Classes in the Dataset 

Classes No. of Actual Images No. of Augmented Images 

carcinoma_in_situ 150 200 

light_dysplastic 182 200 

moderate_dysplastic 146 200 

normal_columnar 98 200 

normal_intermediat 70 200 

severe_dysplastic 197 200 

Total Images 843 1200 

 

 

Figures 4 to 8 show the GUI implemented for cervical disease classification with the proposed ACAFSFFHT-CCC 

model. The interactive and intuitive GUI facilitates smooth loading, feature extraction, visualization, and classification of 

cervical cytology images into their corresponding diagnostic classes. As shown in Figure 4, the primary interface follows 

a organized 2×2 grid structure, with the left panels hosting functional controls and the right panels showing 

corresponding visual outputs. Four core buttons of Load Image, Extract Features, Classify, and Exit are vertically stacked 

in the top-left panel, and the other three panels show the loaded image, Grad-CAM visualizations of spatial and 

frequency features, and the ultimate classification result, respectively. 

 

When the Load Image button is clicked, it opens a file browser dialog enabling users to easily choose a test image from 

their environment. After a file is loaded successfully, the button will be disabled, and the Extract Features button will be 

enabled. Upon clicking on the Extract Features button, the system executes the Dual-Stream Feature Extraction process, 

in which the image is examined in spatial and frequency domains with the CNN-S and CNN-F submodels. In parallel, 

Grad-CAM maps are created for visualizing the discriminative spatial and frequency feature areas and are shown side-

by-side for interpretability. The button states are dynamically changed to lead the user step-by-step, disabling done 

actions and enabling the next. Lastly, clicking the Classify button initiates the loading of the pre-trained ACAFSFFHT-

CCC model, which combines the dual-stream features extracted and outputs the corresponding cervical disease class. The 

outcome is immediately shown in the output panel, with both interpretability and diagnostic confidence. This systematic 

interactive process guarantees a seamless user experience, making the classification process efficient, reliable, and 

accessible for both medical practitioners and researchers. 

 
Figure 4. The GUI design for ACAFSFFHT-CCC Framework 
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Figure 5. The GUI shows a dialog box to select an image 

 
Figure 6. The GUI shows the loaded original image 

 

 
Figure 7. The GUI displays the Grad-CAM visualization of spatial and frequency features 
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Figure 8. The GUI displays the predicted label in the result window 

 

Figure 9(a) and Figure 9(b) show the performance assessment of the proposed ACAFSFFHT-CCC model on the training 

data using the confusion matrix and ROC curves, respectively. As indicated in Figure 9(a), the confusion matrix exhibits 

excellent classification performance for all six cervical disease classes, and most of the predictions lie correctly along the 

diagonal, which represents accurate classifications. There are very few minor misclassifications, mainly among 

morphologically near-similar or adjacent pathological classes, which demonstrates that the model has a high degree of 

sensitivity to accurately differentiate morphologically related cervical abnormalities. 

 

The ROC curves in Figure 9(b) indicate that each of the six classes yields extremely high Area Under the Curve (AUC) 

values ranging from 0.97 to 0.99, indicating the model's excellent discriminative ability. The above findings further 

verify that the ACAFSFFHT-CCC model not only learn strong and unique spatial–frequency feature representations but 

also generalizes well at the training stage. Together, these results validate the model's ability to measure intricate 

diagnostic variability in cervical cancer images with high reliability and accuracy. 

 
(a) 
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(b) 

Figure 9. Result Analysis of ACAFSFFHT-CCC approach on training set 

(a) Confusion Matrix   (b) ROC Curve 

 

Figure 10(a) and Figure 10(b) display the confusion matrix and ROC curves of the proposed ACAFSFFHT-CCC model 

tested on the test dataset, respectively. As shown in Figure 10(a), the confusion matrix indicates that the model attained 

near-perfect classification performance for all six cervical disease categories. Most notably, the "normal_columnar" and 

"moderate_dysplastic" classes perfectly classified all 40 of 40 samples, and all the other classes had only one or two 

slight misclassifications. This demonstrates the robust generalization and reliability of the model under unseen test data. 

Additionally, the ROC curves presented in Figure 10(b) validate the model's discriminative superiority, with all six 

classes recording AUC levels between 0.97 and 0.99. The highest AUCs were recorded by "carcinoma_in_situ" and 

"normal_columnar" as 0.99, followed very closely by "severe_dysplastic" and "normal_intermediate" at 0.98, 

demonstrating the model's accurate discrimination of normal versus abnormal tissue patterns. These findings 

cumulatively confirm the strength, flexibility, and higher diagnostic performance of the envisioned ACAFSFFHT-CCC 

model in efficient classification of intricate cervical cytology images. 

 

 
(a) 
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(b) 

Figure 10. Result Analysis of ACAFSFFHT-CCC approach on test set 

(a) Confusion Matrix   (b) ROC Curve 

 

Table 3 and Figure 11 provide a comparative performance evaluation of the proposed ACAFSFFHT-CCC model with 

three well-known deep learning models—CNN, ResNet-18, and EfficientNet-B3—on multi-class cervical cancer 

classification. Experimental results evidently indicate the higher performance of the developed ACAFSFFHT-CCC 

approach with the maximum accuracy being 98.75%, which is considerably higher than the baseline CNN (91.57%), 

ResNet-18 (94.26%), and EfficientNet-B3 (95.62%). Moreover, the developed model performed better than others in all 

cases in terms of evaluation measures, obtaining precision, recall, and F1-score values of 98.76%, 98.75%, and 98.75%, 

respectively. These findings validate the fact that the adaptive cross-attention fusion mechanism and hierarchical 

transformer-based learning significantly improve both spatial and frequency feature representation, minimizing 

misclassifications and enhancing diagnostic accuracy. The improved results validate the fact that the ACAFSFFHT-CCC 

framework offers an extremely robust, reliable, and accurate solution for automatic cervical cancer image classification, 

with great potential to be implemented in clinical and diagnostic applications. 

 

Table 3. Result analysis of ACAFSFFHT-CCC model with existing approaches 

Methods Accuracy (%) Precision (%) Recall (%) F1-score (%) 

CNN 91.57 91.59 91.55 91.52 

ResNet-18 94.26 94.30 94.22 94.20 

EfficientNet-B3 95.62 95.67 95.60 95.61 

ACAFSFFHT-CCC 98.75 98.76 98.75 98.75 

 

 
Figure 11. Result analysis of ACAFSFFHT-CCC approach with existing techniques 
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Recall (%) 
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CONCLUSION 

The suggested ACAFSFFHT-CCC approach presents a 

strong and novel deep learning architecture that 

efficiently combines complementary spatial and 

frequency-domain cues for enhanced diagnostic 

performance. Through the use of a dual-stream CNN 

model with DWT preprocessing, the framework can 

capture structural as well as textural information from 

cervical cytology images. The adaptive cross-attention 

fusion mechanism adaptively balances the spatial and 

frequency feature contribution, whereas the hierarchical 

transformer encoder learns long-range dependencies 

and global contextual information to result in high-

quality feature representation. Comprehensive 

experimental results on the benchmark cervical cancer 

image dataset show that the proposed framework 

outperforms state-of-the-art architectures like CNN, 

ResNet-18, and EfficientNet-B3 on various metrics 

such as accuracy, precision, recall, and F1-score 

consistently. The attained accuracy of 98.75% 

underscores the system's high proficiency in 

distinguishing between normal and abnormal cervical 

cell patterns with high dependability. 

 

In addition to quantitative performance, the Grad-CAM 

visualizations also corroborate the model's 

interpretability, elucidating that the ACAFSFFHT-CCC 

network is concentrating on diagnostically important 

cellular areas, thus enabling clinical credibility. The 

tool supports an easy and intuitive diagnostic 

experience, enabling practitioners and researchers to 

visualize model predictions and activation maps 

interactively. In total, the suggested ACAFSFFHT-CCC 

model is a great milestone in computer-assisted cervical 

cancer screening that has laid the groundwork for real-

time, accurate, and explainable diagnosis. In future 

research, the incorporation of larger and more diverse 

datasets, self-supervised learning techniques, and 

deployment on cloud-based medical platforms will 

further enhance the model's generalization capacity and 

scalability to real-world medical uses. 
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