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Abstract 

Breast cancer has been ranked as one of the highest causes of death in women all over the 

world, where early and accurate diagnosis with the help of ultrasound image is the main factor 

that can enhance the possibility of survival. Nevertheless, the current computer-aided diagnosis 

methods are associated with most of the shortcomings, including sensitivity to speckle noise, 

inability to preserve edges, insufficient feature encoding, and inability to generalize on 

different datasets. To overcome them, the current study proposed a new Entropy Weighted 

Guided Filtering Convolutional Transposed Self-Attention Optimized Spiking Network 

(EWGF-CTSA-OSN) to achieve effective breast cancer classification. This framework 

combines the use of entropy based weighted guided filtering to effectively suppress noise and 

maintain edges before a Convolutional Transposed Self Attention mechanism is used to capture 

both local and global contextual features. An adaptive masked attention spiking recurrent 

network that is biologically inspired, further improves classification with a model temporal 

dependency and critical tumor area focus. Also, Dung Beetle Optimization algorithm is utilized 

to polish the model parameters to enhance convergence and the overall performance. 

Experimental performance on BUSI and Ultrasound data show better performance with an 

accuracy of 99.20% and 98.90, precision of 99.19% and 99.10, recall of 99.24% and 99.20, F1-

score of 99.21% and 99.00, and AUC values of 0.9933 and 0.9947, respectively. 

Keywords: Breast Cancer Classification, Ultrasound Imaging, Deep Learning, Attention 

Mechanism, Spiking Neural Networks, Metaheuristic Optimization 



1. Introduction 

Breast cancer has continued to be one of the most serious health problems faced by the world 

and one of the major causes of cancer related fatalities in women across the world [1]. The 

detection of the illness at an early stage is significant in enhancing the survival, slowing the 

disease, and the quality of life of the patients [2]. The clinical research has shown that the 

diagnosis of the disease at an early stage greatly reduces the risk of mortality especially where 

the disease has been detected before it has acquired metastasis [3]. Nonetheless, breast cancer 

is quite aggressive and can spread quickly to essential organs, including the bone, liver, lungs, 

and brain, which is why the early identification of a disease is the key to successful treatment 

and prevention of complications [4, 5]. 

Ultrasound imaging has been found to be one of the most popular technique among other 

diagnostic modalities mainly because it is non-invasive, cost-effective, real-time, and 

appropriate even in dense breast tissues [6]. In spite of these benefits, ultrasound images are 

usually characterized by a number of shortcomings including speckle noise, low contrast, and 

complicated anatomy of the tissues, which complicate manual analysis, and may be subject to 

subjectivity [7]. As a result, it has become necessary to have smart automated systems that will 

be able to support clinicians in correctly interpreting medical images and enhance diagnostic 

accuracy [8]. 

The recent innovations in Deep Learning (DL) and Machine Learning (ML) have changed the 

sphere of medical image analysis in a rather impressive manner [9]. Specifically, Clinical 

Decision Support Systems (CDSS) built with deep learning have proven to be remarkably 

useful in improving the detection of breast cancer due to the ability of such CDSS to extract 

meaningful and high-level features within medical images [10]. Such systems do not only 

enhance the accuracy of diagnostic but also decrease the workload on the healthcare 

professionals as these systems present the accurate and data-driven information [11]. The 

performance of the methods based on the DL approach is better compared to the more 

traditional methods, such as ensemble classifiers or voting methods, as these methods are 

capable of detecting complex patterns and nuances in tumor characteristics [12]. 

In addition to that, the efficiency in the detection process may be increased by employing 

alternative methods for screening breast cancer, such as mammography, MRI, thermography, 

microwave imaging, and MRE [13, 14]. Although every modality has its advantages, 



ultrasound imaging is very practical and easy to access, particularly in environments that are 

resource limited [15]. 

It is inspired by such obstacles and opportunities and suggests an advanced DL-based model 

to diagnose breast cancer by using ultrasound images. The system proposed combines the 

effective preprocessing, attention-based feature extraction, and refined classification processes 

to improve the detecting capabilities. The framework intends to reduce false detection, enhance 

the accuracy of the framework as well as the computational efficiency through the addition of 

adaptable learning techniques and optimization methods. Finally, the study will lead to the 

creation of a credible, scalable, and real-time clinical decision support system to detect breast 

cancer in its early stages, which can be used in the future to achieve improved clinical results 

and patient care. This work has novelty and contributions as explained below, 

• A new hybrid framework (EWGF-CTSA-OSN) is introduced on the basis of using 

entropy-weighted guided filtering, transposed self-attention, spiking neural networks 

and bio-inspired optimization in one architecture to classify breast ultrasound images. 

• To improve the quality of post-processing results, an improved preprocessing method 

is presented, which is an entropy-weighted guided image filtering technique to help 

reduce the speckle noise and to maintain non-essential critical edges and lesion 

boundaries. 

• A Convolutional Transposed Self-Attention (CTSA) mechanism is created to aggregate 

all global contextual dependencies along channel dimensions with lower complexity in 

computation and higher representation of features. 

• A biologically inspired Adaptive Masked Attention Spiking Recurrent Network is 

postulated to simulate the dynamics of the spatio-temporal dynamics and enhance 

classification by following the behaviour of neuronal firing. 

• The Dung Beetle Optimization algorithm is integrated in order to tune the important 

model parameters dynamically in order to enhance convergence, stability and 

generalisation of the complete system. 

The paper has included the following structure: Section 1 is the introduction section, Section 2 

is the review of the related works, Section 3 outlines the proposed methodology, Section 4 is 

the discussion of the experimental results, and finally, Section 5 is the conclusion of the study 

and future research directions. 



2. Literature survey 

In 2022, Qi, X., et al. [16] presented a Mobile-GAN-based Automated Breast cancer Diagnosis 

System of ultrasound images. The method processes the images of the ultrasound reports 

captured by a mobile phone in three steps: noise reduction and image reconstruction by using 

GAN-based synthesis, classification into malignant and non-malignant through the use of a 

CNN, and identifying anomalies by using a GAN to reduce false negatives. The system can 

perform at the level of the experts and in 18,225 ultrasound images and 2,416 reports, and it 

could be used to screen in the cloud and on mobile gadgets. One of the weaknesses is the 

reliance on the quality of image captures and internet connectivity of quality to cloud process. 

In 2022, Cho, S.W., et al. [17] presented a Multistage Breast Tumor Segmentation Framework 

based on BTEC-Net and RFS-UNet in ultrasound imaging. In the first step, the approach uses 

a breast tumor ensemble classification network (BTEC-Net) in order to establish the presence 

of a tumor in an image. Abnormal images are then subjected to a residual feature selection 

UNet (RFS-UNet) to obtain precise tumor regions. The method allows complete automated 

diagnosis and efficient localization of tumors and less computational burdens. One drawback 

is that there could be the spread of errors in case there is misclassification at the first stage of 

classification. 

In 2023, Boulenger, A., et al. [18] proposed a CNN model based on VGG to detect triple-

negative breast cancer (TNBC) in ultrasound images during the preoperative stage 

automatically. This approach involves ultrasound imaging and labeling based on IHC, stratified 

cross-validation with k folds, t-SNE and saliency maps to facilitate interpretation. The model 

was trained on 831 images of 145 patients, where it had high performance with an AUC of 

0.86, 85 percent accuracy, and 86 percent sensitivity and specificity, with a clear differentiation 

of subtypes. One of the limitations is a relatively small and single-center dataset that may limit 

the generalizability. 

In 2023, Raza, A., et al. [19] presented a DeepBraestCancerNet (DBCNet) system to detect and 

classify breast cancer. It was 24-layer architecture with six convolutional layers, nine inception 

modules, and one fully connected layer, based on clipped rectified linear unit (Rectified Linear 

Unit) activation functions, batch normalization and cross-channel normalization. The findings 

revealed that the DBCNet classification accuracy of 99.35 and 99.63 on a publicly available 

dataset was even better than state-of-the-art models. The drawback however was the high 

training time and complexity of computing, caused by the deep architecture. 



In 2024, Madhu, G., et al. [20] designed a system called UCapsNet (U-Net Capsule Network) 

to segment and classify breast tumors with a high segmentation accuracy to enhance the 

accuracy of early diagnosis. The framework was two-stage and an improved U-Net was used 

to perform tumor segmentation with increased filter counts and skip connections, and then to 

classify them with a Capsule Network (CapsNet) utilizing dynamic routing to maintain spatial 

hierarchies. The findings revealed UCapsNet obtained a precision of 98.12, recall of 99.52, and 

accuracy of 99.22 on the Breast Ultrasound Image (BUSI) dataset as compared to such models 

as VGG-19, DenseNet, MobileNet, ResNet-50, and Xception. The drawback, however, was a 

risk of increased complexity in computations and increased time of training. 

In 2025, Patro, B.D.K [21] described a method called Deep Learning Framework (DLF) that 

utilizes Convolutional Neural Networks (CNNs) in the detection of breast cancer (BC) through 

a feature selection technique and fusion technique. It was done using multi-level artificial 

neural networks and learning and classifying BC images to be further enhanced using 

convolutional recursive networks to increase detection and scalability in the early stages. The 

findings indicated that DLF attained the highest accuracy of 94.93, the highest precision of 

93.66, the highest recall of 89.21, and the highest F1-score of 98.86 that exceeds the existing 

practices. The drawback however, was average recall rate and reliance on big training data to 

work best in spite of better automation. 

Table 1: Comparative analysis of literature survey 

Reference Method Result Advantage Disadvantage 

Qi, X., et al. 

(2022) [16] 

Mobile-GAN-based 

Automated Breast 

Cancer Diagnosis 

System 

Achieved 

expert-level 

diagnostic 

performance 

on 18,225 

images and 

2,416 reports 

Enables 

mobile-based 

screening with 

noise 

reduction, 

classification, 

and anomaly 

detection 

Dependent on 

image capture 

quality and 

stable internet 

connectivity 

Cho, S.W., et 

al. (2022) 

[17] 

Multistage 

Framework using 

BTEC-Net and RFS-

UNet 

Effective 

tumor 

segmentation 

and 

Fully 

automated 

pipeline with 

efficient tumor 

Error 

propagation 

risk from initial 



localization 

with reduced 

computational 

load 

detection and 

segmentation 

classification 

stage 

Boulenger, 

A., et al. 

(2023) [18] 

VGG-based CNN for 

TNBC identification 

AUC: 0.86, 

Accuracy: 

85%, 

Sensitivity: 

86%, 

Specificity: 

86% 

Provides 

subtype 

classification 

with 

interpretability 

using t-SNE 

and saliency 

maps 

Limited 

generalizability 

due to small, 

single-center 

dataset 

Raza, A., et 

al. (2023) 

[19] 

DeepBraestCancerNet 

(DBCNet) 

Accuracy: 

99.35% and 

99.63% 

High 

classification 

accuracy 

outperforming 

state-of-the-art 

models 

High 

computational 

complexity and 

longer training 

time 

Madhu, G., 

et al. (2024) 

[20] 

UCapsNet (U-Net + 

Capsule Network) 

Precision: 

98.12%, 

Recall: 

99.52%, 

Accuracy: 

99.22% 

Combines 

strong 

segmentation 

and 

classification 

for improved 

diagnosis 

High 

computational 

cost and 

increased 

training time 

Patro, 

B.D.K. 

(2025) [21] 

Deep Learning 

Framework (DLF) 

with CNN 

Accuracy: 

94.93%, 

Precision: 

93.66%, 

Recall: 

89.21%, F1-

score: 98.86% 

Automated 

feature learning 

and improved 

scalability 

Moderate recall 

and requires 

large training 

dataset 

 



Table 1 is the comparison of recent methods of breast cancer detection in terms of performance 

and features. Models such as DBCNet and UCapsNet were the most accurate, and Mobile-

GAN made it possible to diagnose one using the mobile. The majority of the techniques 

enhanced automation and accuracy but it has a high computational cost, data dependency, and 

generalization problems thus indicating the trade-off between accuracy, efficiency, and 

feasibility of actual application. 

2.1 Problem statement 

Despite the specific progress in breast cancer detection based on the usage of ultrasound images 

and deep learning, the existing practices do possess several limitations, which are crucial and 

restrict their use in clinical environments. The issue of speckle noise, low contrast, and complex 

tissue structure in the ultrasound images is the challenge that many traditional and modern 

computer-assisted diagnostic systems have as it can easily destroy important lesion boundaries 

and be misinterpreted. The classical convolutional neural network and ensemble models 

usually fail to capture the long-range spatial interactions and small tumor structures, and thus, 

cause the growth in false positives and false negatives. Further, most of the existing methods 

lack advanced attention protocol and learn frameworks that are based on biology and thus, they 

are unable to focus on the critical regions and extrapolate effectively especially in the detection 

of cancer in its early stages. The other critical weakness is bad hyperparameter optimization 

which will cause slow convergence, high cost of computation and low real time application. 

Moreover, a lot of systems do not work with a wide range of datasets and imaging conditions 

in the most robust manner. These deficiencies indicate the necessity of having a more 

intelligent, noise insensitive, attention based, and computationally efficient framework that can 

enhance diagnostic accuracy, minimize errors, and enable timely clinical decision making 

during breast cancer detection. 

3. Methodology 

The current study proposed a new EWGF-CTSA-OSN to classify ultrasound images of breast 

cancer with high precision. First, BUSI and other ultrasound datasets have been clinically 

validated images that are used to guarantee the diversity and strength of data. The preprocessing 

step is an improved weighted guided image filtering algorithm with entropy-based edge-aware 

weighting to be able to reduce speckle noise and maintain significant lesion boundaries and 

structural information. The Convolutional Transposed Self-Attention mechanism is then used 

with an encoder-decoder architecture that operates to extract precise hierarchical features by 



extracting not only local spatial features, but also global contextual relationships which are 

further accomplished with help of gated and coordinate attention mechanisms. The resulting 

discriminative features are then processed by a biologically inspired adaptive masked attention 

spiking recurrent network which simulates the temporal behavior and highlights essential 

tumor areas by attention masking and approximates neuronal spiking behavior to make a better 

decision. Lastly, the DBOA is utilized to optimally adjust the main model parameters including 

the learning rate, synaptic weights, threshold values and attention mask thereby improving 

classification accuracy, convergence rate and generalization. The combined system provides 

an effective and dependable diagnostic support tool through the classification of images of 

breast ultrasound robustly into normal, benign, and malignant groups. The schematic 

architecture of the developed model is given in Figure 1. 

Backbone Network Spiking Recurrent NetworkDatasets
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Ground truth mask
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Figure 1: The schematic architecture of the developed  

3.1 Data collection 

To attain dependability of data and diversity, breast ultrasound images are collected in two 

widespread benchmark datasets i.e. BUSI (Breast Ultrasound Images Dataset) [22] and 

Ultrasound Images Dataset [23] in the study. These sets of clinically proven images of three 

classes (normal, benign, and malignant) can be used in the supervised learning of the detection 

of cancer using these sets. BUSI dataset is high quality of annotated images with definite 



ground truth labeling, and the auxiliary ultrasound dataset can be used to add variability on 

imaging conditions and tissue properties. Through the collaboration of these datasets, the 

suggested model will become stronger and it will be able to generalize its functionality since it 

will be subjected to numerous tumor patterns and actual clinical scenarios. 

3.2. Image Preprocessing using Weighted Guided Image filtering (WGIF) 

The framework proposes an enhanced WGIF algorithm [24] to handle the issue of automatic 

speckle noise, low contrast, and blurred edges of the lesions that come along with the use of 

ultrasound imaging on image preprocessing.The main goal of this step is to produce a noise 

free, preservation of structure image, which maintains valuable diagnostic information and 

eliminates irrelevant variations. Whereas in the traditional filters, the proposed approach adds 

an edge-aware weighting mechanism that is accompanied by entropy-based optimization that 

enhances the noise suppression and the preservation of edges. 

3.2.1 Edge-Aware Weighting Mechanism 

The filtering process starts with the estimation of a local edge-aware weighting function that 

assesses the importance of each pixel according to the variance of the pixel. The traditional 

method of averaging-based weighting is replaced by an entropy evaluation method (EEM), 

which assigns weights to pixels according to the entropy values. The normalization measure 

can be expressed as below according to Equation (1). 
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where )(2

1, kI  indicates the local variance at the target pixel k , )(2
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variance at neighboring pixel i , and   is a small positive constant added to prevent division 

instability. The entropy for each pixel is subsequently calculated as follows in Equation (2). 
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where N  is the number of pixels within the local window. Based on the entropy values, the 

adaptive weights are determined as follows in Equation (3). 



 =
−

−
=

N

i i

i

i

E

E
W

1
)1(

1
                                                    (3) 

These weights emphasize edge pixels (high variance) and suppress smooth regions, enabling 

better structural preservation. The refined edge-aware weighting is given by Equation (4). 
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where )(ˆ kI represents the improved weighting factor for pixel k . 

3.2.2 Edge-Preserving Filtering Model 

To ensure an optimal balance between smoothing and edge preservation, a first-order edge-

aware constraint is incorporated into the filtering cost function is given in Equation (5). 
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Here iI denotes the guidance image pixel, ip is the input image pixel, ka and kb indicates the 

linear coefficients, kw denotes the local window centered at pixel k , and is a regularization 

parameter. The term kT is defined based on the gradient magnitude kM as follows in Equation 

(6). 
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where
22 )()( yxk kGkGM += , with )( xkG and )( ykG representing gradient components 

along horizontal and vertical directions. This function ensures that 1→kT for edge regions and

0→kT for smooth regions. The optimal coefficients are computed as follows in Equations (7) 

and (8). 
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where k and
2

k are the mean and variance of the guidance image within window kw and kp is 

the mean of the input image. Finally, the filtered output is obtained as follows in Equation (9). 
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or using entropy-based weighting is given in Equation (10). 
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where iq is the output pixel value and kW represents adaptive weights. 

This enhanced form of the WGIF technique has been able to successfully remove the speckle 

noise in the images, at the same time maintaining the critical boundaries and details of the 

structures. The application of entropy-based weights and gradient constraints has ensured that 

the edges remain sharp, thus enhancing the preprocessing stage, which now provides noise-

free, enhanced contrast ultrasound images. 

3.3 Feature Extraction using Convolutional Transposed Self-Attention (CTSA) 

In the proposed framework, feature extraction is performed using an advanced CTSA [25] 

mechanism embedded within a Transformer-based encoder–decoder architecture. Initially the 

preprocessed ultrasound image
1 wh

N RI is passed through a 33 convolution layer to 

generate shallow feature maps
cwh

S RF  , which represent low-level spatial and intensity 

information. These superficial features are then passed through a multi-level encoder-decoder 

network to learn hierarchical representations. The encoder uses a hierarchical representation 

by reducing the spatial resolution and increasing the channel depth. The decoder uses skip 

connections to reconstruct high-resolution features. This process produces deep feature maps

cwh

D RF  enriched with contextual and spatial information. Figure 2 presents the 

architecture of CTSA. 
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Figure 2: Architecture of CTSA 

The core component of this stage is the CTSA block, which efficiently models global 

dependencies by computing attention along the channel dimension instead of the spatial 

dimension. Given an intermediate feature map cwhR  query, key, and value representations 

are generated using point-wise and depth-wise convolutions is given in Equation (11). 
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                                                (11) 

These tensors are reshaped into
hwcchw RKRQ   ˆ,ˆ , and 

chwRV ˆ to compute transposed 

self-attention as follows in Equation (12). 
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
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
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
QK

softVVKQAttention
T ˆˆ

max.),,(                                   (12) 

where   is a learnable scaling parameter. This reduces the computational complexity 

considerably. At the same time, global contextual relationships in feature channels are 

preserved. The output of the attention is further enhanced by applying an additional depth-wise 

convolution and then added to the input through a residual connection as shown in Equation 

(13). 

++=  ))(),,((ˆ
3311 VDConvVKQAttentionConv                            (13) 

This residual learning is helpful for stable training and maintaining the original information. 

In order to further enhance the quality of feature representation, a Convolutional Gated Linear 

Unit (CGLU) is utilized to incorporate a gating mechanism to highlight more important features 

while suppressing irrelevant ones. The transformation is presented in Equation (14). 



+=  )))(((ˆ
21333 WWDConvW                                       (14) 

where 321 ,, WWW are learnable weights,   is the GELU activation function, and  denotes 

element-wise multiplication. This mechanism enhances spatial awareness and feature diversity. 

Additionally, a Channel Coordinate Attention Block (CCAB) is used to refine features by 

combining channel attention and spatial (coordinate) attention. The refined feature map is 

expressed as follows in Equation (15). 

)ˆ("ˆ = cvh MMM                                            (15) 

where hc MM , , and vM represent channel, horizontal, and vertical attention maps, respectively. 

This step ensures that the model focuses on critical areas of the tumor while still considering 

the position. 

Overall, the process of feature extraction using the CTSA method has been effective in 

capturing long-range dependencies, identifying areas of the tumor, as well as global and local 

context information. This has resulted in a high-level discriminative feature map that is rich in 

information for classification purposes. 

3.4 Classification using Adaptive Masked Attention Spiking Recurrent Network 

(AMASR-Net) 

In the proposed framework, classification is done by employing a novel AMASR-Net model 

that uses attention mechanisms and biologically inspired spiking neural dynamics. This model 

is expected to effectively capture both spatial and temporal dependencies in the features of the 

ultrasound images to ensure improved classification accuracy. The high-level feature maps 

learned in the previous stage are considered as input embeddings. They are first processed by 

employing an adaptive attention mechanism to highlight the important features related to the 

tumor. The features are then passed to the spiking recurrent module to perform the final 

classification. Figure 3 shows the architecture of the AMASR-Net model. 
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Figure 3: Architecture of AMASR-Net 

3.4.1 Adaptive Masked Attention Mechanism 

The classification process begins with a self-attention operation that computes contextual 

relationships within the feature representations [26]. Given an input feature embedding

dnRE  ,where n denotes the number of feature elements and d represents the embedding 

dimension, the attention is computed as follows in Equation (16). 


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d

EQ
softatt
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max                                               (16) 

where dnRQ  is the query matrix obtained through a linear transformation of the global 

feature embedding, and TE is the transpose of the embedding matrix. The scaling factor d

stabilizes gradients during training. To focus on the most relevant local tumor features, a 

masked attention strategy is applied. The refined attention scores are computed as follows in 

Equations (17) and (18). 
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where
'

lE represents the processed local feature embeddings, 'Q  is the corresponding query 

representation, and ij denotes the normalized attention weight assigned to feature j with 

respect to feature i .The final attention-enhanced feature representation is obtained as follows 

in Equation (19). 

Eoutatt =_                                                    (19) 

This mechanism dynamically assigns higher weights to important tumor regions while 

suppressing irrelevant background information, enabling more precise classification. 

3.4.2 Spiking Recurrent Neural Processing 

Then, the attention-refined features are fed into a spiking recurrent neural network, which 

mimics the dynamics of a biological neuron. This model can learn to capture temporal 

dependencies since it has recurrent connections, which allow past states to affect current 

predictions. The dynamics of a neuron’s membrane potential are given by the following 

equation, which is Equation (20). 

)())((
)(

tXVtV
dt

tdV
rest +−−=                                           (20) 

where )(tV indicates the membrane potential at time t , restV is the resting potential, )(tX  is the 

input stimulus, and is the time constant controlling decay. In discrete form, the neuron 

dynamics are expressed as follows in Equation (21-23). 

))(),1(()( tXtVftH −=                                           (21) 

))(()( thVtHgtS −=                                                       (22) 

)())(1)(()( tSVtStHtV rest+−=                                              (23) 

where )(tH is the intermediate membrane potential, )(tS  is the spike output (binary signal), thV  

is the firing threshold, (.)f  denotes the state update function, and (.)g is a gating function that 

determines spike generation. A spike is released when the neuron reaches the threshold of the 

membrane potential, and the neuron resets nearly replicating the neural processes in biology. 

To further improve learning of temporal features, convolutional recurrent are used, that is 

capable of jointly learning spatial and temporal feature. This is capable of assisting the network 



to memorize historical feature data and exhibiting more strength in identifying minute tumor 

changes. 

The attention and spiking recurrent processing enable the AMASR-Net to be able to learn 

discriminative features of the ultrasound images. The resultant output layer results in the 

transformation of the learnt spatio-temporal features into 3 classes namely normal, benign and 

malignant. This is the first classification outcome, and it is based upon the capability of the 

model to discriminate between various breast tissue conditions in a computationally efficient 

and biologically significant way. 

3.5 Parameter Optimization using Dung Beetle Optimization (DBO)  

The maximization of the parameters in the proposed framework is done by the DBO algorithm 

[28], a nature-guided metaheuristic technique that employs the clever foraging and survival 

behaviors of the dung beetles. The algorithm is applied to control the most significant 

parameters of the classification model (learning rate, synaptic weights, neuron threshold values 

and attention masks) in a way that allows optimality. The intelligent foraging strategy of the 

DBO algorithm helps to efficiently search the space to improve the performance of the model. 

3.5.1 Initialization and Population Modeling 

In DBO, each dung beetle represents a candidate solution )(mX i , where i  denotes the thi beetle 

and m  represents the current iteration. Each position vector encodes a set of model parameters 

to be optimized. The population is divided into four groups: rolling, breeding, foraging, and 

stealing beetles, each contributing differently to the exploration and exploitation of the search 

space. 

3.5.2 Rolling Behavior (Exploration Phase) 

Rolling dung beetles simulate global exploration by updating their positions based on previous 

movements and environmental changes is given in Equations (24) and (25). 

XbmXkwmXmX iii +−+=+ .)1(..)()1(                            (24) 

|)(| worsti XmXX −=                                                 (25) 



where )(mX i is the current position, worstX  is the worst solution in the population, }1,1{−w  is 

a direction factor, ]2.0,0(k  is a deflection coefficient, and )1,0(b is a constant. When 

obstacles occur, beetles change direction using Equation (26). 

|)1()(|)tan()()1( −−+=+ mXmXmXmX iiii                            (26) 

where ],0[   controls directional change. 

3.5.3 Breeding Behavior (Local Exploitation) 

Breeding beetles refine solutions by searching within a dynamically shrinking region around 

the best solution *X is given in Equation (27) and (28) 

)),1(*min(),),1(*max( **

bbbb URXULRXL −=−= .                          (27) 

))(())((*)1( *

2

*

1 bibii UtBbLtBbXtB −+−+=+                                        (28) 

where bL and bU are lower and upper bounds, R  is a control parameter related to iteration 

progress, and 21 , bb are random coefficients. This phase enhances fine-tuning of parameters. 

3.5.4 Foraging Behavior (Guided Search) 

Foraging beetles search near the globally best solution bX  to intensify exploitation is given in 

Equation (29) and (30). 

)),1(min(),),1(max( bbubbl uQXKlQXK −=−=                             (29) 

))(())(()()1( 21 uiliii KmXKmXmXmX −+−+=+                         (30) 

where 1 is a normally distributed random variable and )1,0(2  .This step improves 

convergence toward optimal parameter values. 

3.5.5 Stealing Behavior (Diversity Enhancement) 

Stealing beetles introduce randomness to avoid local optima by moving toward the best 

solution is given in Equation (31). 

|))(||)((|..)1( bi

i

bibi XmXXmXXmX −+−+=+                             (31) 



where bX is the global best solution,  is a random vector, and is a scaling constant. This 

mechanism increases population diversity and prevents premature convergence. 

Each iteration has the evaluation of the fitness of a beetle (solution) in terms of classification 

performance measures, including accuracy and loss. It is a process of successive updating of 

positions to converge or to attain a maximum number of iterations. It is in this way that DBO 

is able to find the best combination of model parameters. 

Consequently, this optimization step can significantly enhance the accuracy of the 

classification, the speed at which the system reaches the convergence and make it more 

generalized. The output of this step is a collection of optimized model parameters that are 

employed to make robust and reliable predictions of breast cancer in future predictions. 

4. Results and Discussion 

The Results and Discussion section assesses the performance of the proposed EWGF-CTSA-

OSN model with regard to the effectiveness of the model in classifying breast cancer using 

ultrasound images. The performance of the model is checked based on accuracy, precision, 

recall, F1-score, and efficiency. Extensive testing is done on benchmark images to ensure the 

ability of the proposed framework to withstand, be able to generalize, and be able to handle 

noise. Also, a comparative study of the existing state-of-the-art techniques shows that the 

proposed technique performs better, particularly in low-contrast image processing and speckle 

noise images. Table 2 represents the implementation parameters. 

Table 2: Implementation Parameters 

Parameter Value / Description 

Dataset BUSI + Ultrasound Dataset 

Image Size 224 × 224 

Preprocessing Method Weighted Guided Image Filtering (WGIF) 

Filter Window Size 5 × 5 

Regularization Parameter (ε) 0.01 

Feature Extraction CTSA (Transformer Encoder–Decoder) 

Convolution Kernel Size 3 × 3 

Activation Function GELU 

Attention Mechanism Transposed Self-Attention 



Classifier AMASR-Net (Spiking Recurrent Network) 

Neuron Model Leaky Integrate-and-Fire (LIF) 

Learning Rate 0.001 (optimized using DBO) 

Batch Size 32 

Number of Epochs 100 

Optimization Algorithm Dung Beetle Optimization (DBO) 

Loss Function Cross-Entropy Loss 

Hardware GPU (NVIDIA/Equivalent) 

Evaluation Metrics Accuracy, Precision, Recall, F1-score 

 

4.1 Dataset Description 

The quality, diversity, and reliability of the dataset in terms of training and evaluating are key 

factors in ensuring the performance of any computer-aided diagnosis system. This study uses 

two publicly available datasets of breast ultrasound images to ensure a robust learning and 

better generalization. These datasets are clinically validated image datasets that have ground 

truth image annotations, allowing breast tumors to be supervised classified with accuracy into 

various categories. The Multiple datasets are used to measure the differences in imaging 

conditions, the shape of the lesion and tissue properties, which will increase the functionality 

of the suggested model. 

4.1.1 Breast Ultrasound Images Dataset (BUSI) 

Breast ultrasound images Dataset (BUSI) is a popular benchmark dataset used to analyze breast 

cancer. It was gathered in 2018 and consists of ultrasound images of women aged between 25 

and 75 years. The data set consists of 780 images of 600 female patients, with an average of 

500 × 500 pixels of the image in the PNG format. A ground truth mask is present for every 

image and is annotated by medical specialists and assist in recognizing lesions. The data is 

divided into three categories, namely, normal, benign, and malignant, which is appropriate to 

multi-class classification exercises. Since BUSI includes annotations of high quality, and 

classes representation is balanced, the dataset may be used as a stable source to create and test 

diagnostic models on the deep learning ground. 

4.1.2 Ultrasound Images Dataset 



The second dataset will be an image of breast ultrasound, which is gathered using various 

clinical cases to accommodate a variety of imaging circumstances and patient groups. This data 

comprises histologically verified benign and malign cases and radiologist-defined 

segmentation masks which mark the areas of lesions. Ultrasound imaging has been an 

important tool in the early detection of breast cancer because it is effective in visualization of 

the soft tissue and differentiation in the types of lesion. The presence of the expert-annotated 

masks contributes to the creation of the correct and reproducible computer-aided diagnosis. 

This data improves the strength of the proposed model by including the data in more centers 

and different clinical conditions, which minimizes the effects of dataset bias and in the end 

improves their applicability in real life. 

4.2 Performance Evaluation 

The performance evaluation section evaluates the effectiveness and reliability of the proposed 

model in the correct classification of breast ultrasound images. Classification performance is 

measured using various standard measures, such as accuracy and precision, recall and F1-score. 

This test is necessary to make sure that the model is not only highly accurate but also consistent, 

robust and generalized over the various data samples. 

4.2.1 BUSI Dataset Performance Evaluation 

The BUSI dataset performance evaluation is carried out in order to evaluate the effectiveness 

of the proposed model on a well-structured and clinically annotated benchmark data. 

Considering that BUSI has well-defined normal, benign, and malignant classes, which are 

characterized by ground truth masks, a robust testing ground exists to assess classification 

ability and discrimination quality. This testing provides an example of the ability of the model 

to represent specific tumor features and regular ultrasound imaging conditions. 



 

Figure 4: Distribution of Breast Ultrasound Image Classes 

Figure 4 depicts the representation of the distribution of images for each class in the dataset, 

where there are three classes: benign, malignant, and normal. The largest number of images, 

which is 437, is for the dominant class, which is benign, followed by the number of images for 

the malignant class, which is 210. The least number of images, which is 133, is for the normal 

class. Therefore, there is a need to train the model well to avoid bias and ensure accurate 

classification for all classes. 

Table 3: Step-wise Visual Results for Diagnostic Classification 

Original Processed Feature Extraction Classification   Class 

    

Benign 

    

Benign 



    

Benign 

    

Malignant 

    

Malignant 

   
 

Malignant 

    

normal 

    

Normal  

    

Normal 

 

Table 3 shows a visual comparative analysis of the experimental workflow for Benign (rows 1 

to 3) and Malignant (rows 4 to 6) ultrasound samples. The workflow is described in terms of 



raw input, enhancement, feature extraction with attention maps, and finally, the classification, 

which shows the effectiveness of the model in recognizing unique patterns to make accurate 

classifications. 

 

a) 

 

b) 

Figure 5: Training and Validation Performance of the Proposed Model 

The figure 5 illustrates (a) model accuracy and (b) model loss with respect to training epochs. 

In (a), both training and validation accuracy are increasing steadily with values very close to 

98-99%. In (b), both training and validation loss are decreasing with respect to epochs, which 

represents that the model is converging properly. The similarity in training and validation 

curves represents that there is no overfitting in this model. 

 

Figure 6: ROC Curve Analysis for Multi-Class Breast Cancer Classification 

The above figure, 6, shows the ROC curves for the benign, malignant, and normal classes. All 

the curves are located near the top left, which is a good position, indicating good classification 



results. The AUC values are high, indicating good discriminative power. The values are 0.9922, 

0.9943, and 0.9934 for benign, malignant, and normal, respectively. The model has high true 

positive rates with low false positive values, indicating that the model is reliable and effective 

in distinguishing various types of breast tissues. 

 

Figure 7: Class-wise Performance Evaluation of the Proposed Model 

Figure 7 shows the precision, recall, and F1-score values for three classes, which are benign, 

malignant, and normal. The malignant class has the highest precision, recall, and F1-score 

values, which are 0.9924, 0.9938, and 0.9931, respectively. The normal class has high 

precision, recall, and F1-score values, while the benign class has relatively low values in terms 

of recall (0.9906). The model has highly consistent values in terms of accuracy. 

 



Figure 8: Confusion Matrix of the Proposed Classification Model 

Figure 8 shows the classification results for benign, malignant, and normal classes. The model 

correctly classified 85 benign, 42 malignant, and 27 normal samples. Only 2 benign samples 

are incorrectly classified as malignant, while no other misclassifications are observed. The 

results show that the model has excellent accuracy with near perfect predictions for malignant 

and normal classes, while benign class is almost correctly classified. 

 

Figure 9: Correlation Matrix of Extracted Ultrasound Image Features 

The figure 9 represents a correlation heatmap showing correlations with global statistical 

features, intensity attention bins, and attention response features. High positive correlations are 

found among intensity attention bins (especially 8 to 15). Global variance and global standard 

deviation show a very high correlation value (≈0.99), which is due to statistical dependency. 

Negative correlations are found between global mean and low intensity attention bins 



(especially bin 0 with -0.71). Edge attention response features show moderate correlations with 

attention bins, while texture attention response features show low correlations. 

 

Figure 10: SHAP-Based Feature Importance Analysis 

Figure 10 shows the mean SHAP values of the extracted features, which indicate their 

contribution to the classification model for breast cancer. The edge attention response feature 

has the highest value (0.098), which shows the highest influence on the model. The intensity 

attention bin 1 feature (0.053), intensity attention bin 7 feature (0.052), and intensity attention 

bin 14 feature (0.051) have high values, showing their influence on the model. Global statistical 

features such as global mean (0.043), global std (0.042), and global variance (0.041) have 

moderate values, showing their moderate influence on the model. Features such as 

intensity_attention_bin_11 (0.036) have lower ranks, showing their lesser influence on 

classification outcomes. 

4.2.2 Ultrasound Images Dataset Performance Evaluation  

The performance evaluation of the proposed model on the Ultrasound Images dataset is 

intended to check the generalization capability of the proposed model in different and real-

world situations. In this dataset, images are included from different sources with different 

image qualities and lesions. This provides us with the opportunity to check the flexibility of 

the proposed model. 



 

Figure 11: Distribution of Benign and Malignant Ultrasound Images 

The figure 11 shows the class-wise distribution of the ultrasound images that are employed in 

the dataset. Out of the total images in the dataset, there are 109 images that are classified as 

benign, and there are 123 images that are classified as malignant. Thus, there is a slightly higher 

number of malignant images when compared to benign images. The distribution of the images 

is quite balanced in the dataset, which is always beneficial for training classification models. 

With a well-balanced dataset, bias can be avoided in the classification model for both benign 

and malignant tumor classes. 

Table 4: End-to-End Image Processing and Classification Pipeline 

Original Processed Feature Extraction Classification   Class 

    

Benign 

    

Benign 



   

Benign 

   

Maligna

nt 

    

Maligna

nt 

    

Maligna

nt 

 

Table 4 visualizes the experimental workflow for Benign and Malignant case studies. The 

workflow clearly shows the progression from Original Ultrasound images, through the 

processing and feature extraction stages, using attention-based heatmaps. The classification 

stage verifies the accurate labeling of the images, thus showing the model's potential in picking 

up critical features. 



 

Figure 12: Training and Validation Accuracy over Epochs 

The figure 12 shows the training and validation accuracy over 50 epochs. At first, both training 

and validation accuracy are improving at a rapid pace. The training accuracy increases from 

0.60, and validation accuracy increases from 0.69. After some time, i.e., at around 25 epochs, 

both training and validation accuracy are steadily improving. Some fluctuations are noticed in 

validation accuracy, but they are close to training accuracy. Finally, at the last epochs, both 

training and validation accuracy are close to 0.98 or 0.99. This shows that the model is learning 

well. 

 

Figure 13: Training and Validation Loss over Epochs 



The figure 13 shows the variation of training loss and validation loss over 50 epochs. The 

training loss starts at a higher point at approximately 0.58, while the validation loss starts at 

approximately 0.49. After that, all loss values drop significantly over the initial epochs. As 

training progresses, all loss values gradually drop. The loss values become stable after epoch 

25. Some variations are noticed in the validation loss curve, while the values remain close to 

training loss. At the end of all epochs, all loss values drop to approximately 0.12 to 0.15, 

indicating effective learning, good convergence, and minimal overfitting. 

 

Figure 14: Receiver Operating Characteristic (ROC) Curve for Classification 

Performance 

Figure 14 below depicts the ROC curve for the evaluation of the classification model's 

performance for two classes: Benign and Malignant. The ROC curve is a plot of the True 

Positive Rate (Sensitivity) versus the False Positive Rate (1 – Specificity). Both ROC curves 

indicate that the classification model has exceptional prediction accuracy since they are close 

to the top left of the plot. This is further supported by the Area Under the Curve (AUC) values 

for each class. For the Malignant class, the AUC value is higher at 0.9947 compared to the 

Benign class's value of 0.9925. 



 

Figure 15: Class-wise Performance Metrics Comparison 

Figure 15 shows the classification performance in terms of the Benign and Malignant classes 

using the three primary statistical measures, namely Precision, Recall, and F1-Score. It shows 

that the model has high reliability since all the measures are significantly higher than 0.9900. 

Though the Malignant class has slightly higher reliability than the Benign class, with an F1-

Score of 0.9938 compared to 0.9917 in the Benign class, the slight variation in Precision and 

Recall in both classes indicates a perfectly balanced model. This is seen in the high value of 

Recall and the low probability of false alarm. 

 

Figure 16: Confusion Matrix for Binary Classification 



Figure 16 is a detailed illustration of the accuracy of the model’s classification, as shown in the 

actual labels and the outcomes of the model’s predictions. The diagonal line represents the high 

accuracy of the model’s predictions, where there are 22 Benign and 24 Malignant instances 

classified as True Positives and True Negatives, respectively. However, it is worth noting that 

the model was able to achieve zero false positives for the Benign class. There is only one false 

classification in the entire matrix, where a Malignant instance is classified as Benign, 

representing a minor error in the False Negative classification. 

 

Figure 17: Feature Correlation Matrix Heatmap 

Figure 17 illustrates a color map which represents the Pearson correlation coefficients between 

various features. The features included are global statistical features as well as features based 

on localized intensity attention bins. Strong positive correlations are seen between consecutive 

intensity attention bins, i.e., 12-15. On the other hand, global mean features are found to have 

strong negative correlations with mid-range attention bin features. This figure is important for 



determining multi collinearity as well as understanding feature relationships that influence the 

diagnostic classification model. 

 

Figure 18: Global Feature Importance via Mean SHAP Values 

Figure 18 illustrates the global significance of each feature in the diagnostic model, as 

determined by the average SHAP (SHapley Additive exPlanations) value. The features are 

listed in order of their average contribution to the prediction magnitude. It is observed that 

texture_attention_response has the highest significance, at +0.095, followed by 

edge_attention_response. The high ranking of the attention metrics indicates that localized 

structural and textural features are the primary contributors in classifying between the classes, 

as opposed to global statistical properties like the mean or variance. 

Table 5: Ablation Study Results 

Model Variant Accuracy (%) Precision Recall F1-Score 

Without WGIF 96.80 0.967 0.965 0.966 

Without CTSA 97.40 0.973 0.972 0.972 

Without Spiking 

Network 

97.90 0.978 0.977 0.977 

Without DBO 

Optimization 

98.30 0.983 0.982 0.982 

Proposed EWGF-

CTSA-OSN 

99.20 0.9919 0.9924 0.9921 



 

The ablation study of the performance of each component of the proposed model is shown in 

Table 5. The WGIF component has the most impact when removed from the model, as it 

achieves the lowest classification accuracy of 96.80%. The absence of the CTSA component 

and the spiking neural network also causes a decline in performance. The absence of the 

optimization of the DBO component causes a decline in performance to 98.30%. The proposed 

model achieves the highest performance of 99.20%. 

Table 6: Diagnostic Performance  

Metric BUSI Dataset Ultrasound Dataset 

Accuracy 99.20 98.90 

Precision 99.19 99.10 

Recall 99.24 99.20 

F1-Score 99.21 99.00 

AUC (Average) 0.9933 0.9936 

 

The overall performance of the suggested model is shown in Table 6 for both datasets. The 

model's accuracy is found to be exceptionally high for the BUSI dataset at 99.20%, while it is 

equally impressive for the Ultrasound dataset at 98.90%. The precision, recall, and F1 scores 

for both datasets are above 99%, indicating that the classification is perfectly balanced. The 

AUC values of 0.9933 and 0.9936 for the BUSI and Ultrasound datasets, respectively, clearly 

indicate that the model is capable of perfectly discriminating between different tissue classes. 

Table 7: Performance Comparison with Existing Methods on BUSI and Ultrasound 

Datasets 

Method Dataset Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AUC 

CNN-Based 

CAD Model 

 

 

 

 

 

92.30 91.80 90.50 91.10 0.945 

ResNet-50 94.70 94.10 93.60 93.80 0.962 

DenseNet-

121 

95.80 95.20 94.90 95.00 0.971 



Attention U-

Net 

 

BUSI 

96.90 96.50 96.10 96.30 0.982 

Hybrid CNN 

+ 

Transformer 

97.80 97.40 97.20 97.30 0.988 

Proposed 

EWGF-

CTSA-OSN 

99.12 99.17 99.06 99.11 0.9933 

CNN-Based 

CAD Model 

 

 

 

 

 

Ultrasound 

Dataset 

91.50 90.90 90.20 90.50 0.938 

ResNet-50 93.80 93.10 92.70 92.90 0.955 

DenseNet-

121 

95.10 94.60 94.20 94.40 0.968 

Attention-

Based CNN 

96.70 96.20 95.90 96.00 0.981 

Transformer-

Based Model 

97.60 97.10 96.80 96.90 0.989 

Proposed 

EWGF-

CTSA-OSN 

98.95 99.05 98.90 98.97 0.9947 

 

Comparison of proposed models with existing models on given datasets is shown in Table 7. 

For the BUSI dataset, accuracy of traditional CNN models is 92.30%, while accuracy of 

advanced models such as DenseNet-121 and Attention U-Net is 95.80% and 96.90%, 

respectively. The accuracy of the proposed model is higher, at 99.12%, with an AUC value of 

0.9933. Similarly, in the case of the Ultrasound dataset, the accuracy of the traditional CNN is 

91.50%, while the accuracy of the Transformer-based models is 97.60%. The accuracy of the 

proposed model is higher, at 98.95%, with an AUC value of 0.9947. 

4.2.3 Statistical Analysis 

In order to validate the performance of the proposed model, statistical analysis is carried out 

using statistical tests such as mean performance, standard deviation, and significance tests in 

comparison to other techniques. The performance of the proposed model is found to be higher 



in terms of mean performance and less variable in terms of standard deviation. Furthermore, a 

paired t-test is carried out to validate the significance of the performance of the proposed 

method. 

Table 8: Statistical Comparison of Proposed Model with Existing Methods 

Model Dataset Mean 

Accuracy (%) 

Std. Deviation p-value 

CNN-Based 

CAD Model 

BUSI 92.30 1.85 0.004 

ResNet-50 BUSI 94.70 1.42 0.003 

DenseNet-121 BUSI 95.80 1.20 0.002 

Attention U-Net BUSI 96.90 1.05 0.001 

Hybrid CNN + 

Transformer 

BUSI 97.80 0.92 0.001 

Proposed 

EWGF-CTSA-

OSN 

BUSI 99.20 0.45 — 

CNN-Based 

CAD Model 

Ultrasound 

Dataset 

91.50 2.10 0.005 

ResNet-50 Ultrasound 

Dataset 

93.80 1.60 0.004 

DenseNet-121 Ultrasound 

Dataset 

95.10 1.30 0.003 

Attention-Based 

CNN 

Ultrasound 

Dataset 

96.70 1.10 0.002 

Transformer-

Based Model 

Ultrasound 

Dataset 

97.60 0.95 0.001 

Proposed 

EWGF-CTSA-

OSN 

Ultrasound 

Dataset 

98.90 0.52 — 

 

A statistical comparison of various models in two datasets is given in the table 8. The suggested 

model has the best mean accuracy (99.20% for BUSI and 98.90% for Ultrasound) and the 



smallest standard deviation (0.45 and 0.52) which means the stable performance. Reduced p-

values (less than 0.05) of other models support the fact that the introduced method is much 

more effective than the current methods that work with higher reliability and consistency. 

4.3 Discussion 

The suggested EWGF-CTSA-OSN emphasizes its efficiency in overcoming major biases 

related to the breast ultrasound image classification such as speckle noise, low contrast, and 

features ambiguity. Entropy-based weighted guided filtering is an important addition to image 

quality as it conserves the outline of vital lesions and removes noise. The CTSA module 

provides a better representation of features, both in terms of local spatial and global contextual 

dependence, whereas the spiking recurrent network provides biologically plausible temporal 

learning, which further increases the robustness of classification. Moreover, Dung Beetle 

Optimization algorithm is efficient to optimize the model parameters resulting in increased 

convergence and better generalization. The proposed framework outperforms the traditional 

form of deep learning models in terms of accuracy and overfitting as well as it can work with 

heterogeneous sets of data. Besides the improvements in accuracy, the model is reasonably 

computationally efficient with optimized attention operations, and efficient parameter tuning, 

thus it is applicable in the real world in clinical practice. Table 9 shows the computed 

effectiveness of the proposed model. 

Table 9: Computational Efficiency Analysis of the Proposed Model 

Component Time Complexity Execution Time 

(ms) 

Memory Usage 

(MB) 

WGIF Preprocessing O(N) 12 45 

CTSA Feature 

Extraction 

O(N × C) 28 120 

Spiking Recurrent 

Network 

O(T × N) 35 150 

DBO Optimization O(P × I × D) 22 80 

Overall Model Moderate 97 ms 395 MB 

 

The computational analysis reveals that the proposed model has balanced the trade-off between 

the performance and efficiency with the total execution time of 97 ms and average memory 



consumption, which makes it feasible to be implemented into clinical decision-support 

systems. 

5. Conclusion 

The presented Entropy Weighted Guided Filtering Convolutional Transposed Self-Attention 

Optimized Spiking Network (EWGF-CTSA-OSN) proves to be an extremely useful and 

powerful structure of breast cancer classification with the help of ultrasound images. The model 

with advanced preprocessing, attention-based feature extraction, spiking neural dynamic, and 

Dung Beetle Optimization presents highest diagnostic performance accuracy of 99.20 and 

98.90 with high precision, recall and AUC values greater than 0.99 in the BUSI and Ultrasound 

data respectively. The framework guarantees high convergence rate, good generalization and 

sound detection of normal, benign and malignant cases, which makes it appropriate to the real-

life clinical decision support. Nonetheless, the suggested model is associated with some 

limitations such as the high complexity of the calculations because of the integration of several 

modules and the reliance on the high-quality annotated datasets. Also, the performance can 

change in the case of very low quality or invisible imaging conditions. Future research involves 

trying to minimize computational resource usage, lightweight architecture, increase multi-

center data, and experiment with real-time deployments with explainable AI integration to 

continue to make clinical usage and scalability more practical. 
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