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1. Introduction 

 

1.1 Background 

Breast cancer diagnosis relies heavily on imaging techniques. Early detection of cancer cells effectively reduces 

the mortality rate giving a better sustainability [1]. The first clinical test advised by doctors, ultrasonography 

finds its way in early detection of cancer cells. Ultrasound being a preferred modality due to its affordability, 

safety among pregnant and old age women, non-invasiveness [2].  However, accurate interpretation of 

ultrasound images is challenging due to artifacts, operator dependence, and subtle differences in benign versus 

malignant tumours [3]. With the advent of Deep learning, a subset of machine learning, and advanced 

computational models such as Convolutional Neural Networks (CNNs) which are capable of handling medical 

imaging, disease prediction has become more accurate and efficient, leveraging vast amounts of data for early 

detection and prognosis [4,5]. The growing availability of datasets like ImageNet and advancements in 

computational hardware further bolster the applicability of CNNs. They use layers of convolutional filters to 

extract features from images, making them highly effective for tasks such as tumour detection, organ 
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Breast cancer is a leading cause of mortality among women worldwide, emphasizing 

the critical need for early and accurate diagnosis. Ultrasound imaging, a widely used 

diagnostic tool, presents challenges such as noise, shadow, contrast and variability in 

tumour presentation. Medical image analysis has seen impressive results from deep 

learning models, especially Convolutional Neural Networks (CNNs) and Vision 

Transformers (ViTs). For breast tumour detection, we provide an effective light-

weighted hybrid model VISNET, which combines EfficientNetB0 with a ViT 

Transformer. In our model, we used transformers to snare long-range relationships, 

whereas CNNs are used for local feature extraction. To improve representation 

learning, a feature fusion module based on attention mechanism is infused. To satisfy 

the claims we’ve trained and tested our model on Two Datasets. According to 

experimental findings with respect to seven parameters on the UDIAT, Spain Breast 

Ultrasound dataset(B), our hybrid model outperforms other State-of-the-art CNNs 

(ResNet 50, VGG16, EfficientNet B0) and ViT model achieving Accuracy (96.9%), 

Precision (95.83%), Recall (97.73%), F1-Score (96.67%), Sensitivity (97.74%), 

Specificity (97.72%) and an AUC (98.67). Whereas, on Baheya, Egypt dataset the 

accuracy is 97.6%, Precision (97.51%), Recall (96.79%), F1-Score (97.14%), Sensitivity 

(96.8%), Specificity (96.79%) and AUC (99.82). In practice, our suggested model, 

VISNET satisfies the claims of light – weightiness as it can run on minimum GPU 

support and offers a viable way to increase the accuracy of breast tumour 

categorization as well as yields faster results in comparison to available heavy CNN 

models. 
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segmentation, and classification of diseases from X-rays, Ultra Sonography (USG), Mammography, Magnetic 

Resonance Imaging (MRI), Positron Emission Tomography (PET), Split Open Biopsy (SOB) and Computed 

Tomography (CT) scans to name a few [2]. 

  
Figure-1 Benign and Malignant USG images of Brest Ultrasound tumours 

 

Figure 1(a) shows image of Benign tumour with subcutaneous fat and lesion with smooth boundary while 1(b) 

benign image also contains shadow along with fat and tumour lesion. Figure 1(c) and 1(d) shows Malignant 

tumour image with same features having subcutaneous fat, shadow and lesion but malignancy tumour has 

irregular boundaries and speculation in comparison with Benign tumours which has smooth boundaries [33]. 

The inconsistency in BUS images during predictions may arise as a result of low contrast, shadows and noise 

speckles. 

Although some CNN-based solutions have achieved a classification accuracy close to 90%, they have 

limitations because CNNs handle the long-range dependencies by expanding the convolution kernel size while 

slowing down the system speed and enhancing the feature representation. In practice, it is very 

computationally expensive and limits the generalization ability of the minor resource system. Deep learning 

models, particularly CNNs, have shown promise in automating and improving diagnostic accuracy [4]. Vision 

Transformers can analyse entire image patches simultaneously, improving the detection of subtle cancerous 

patterns. They can learn hierarchical and complex features, making them robust for histopathology, radiology, 

and other imaging modalities [6}. With large datasets, they can outperform CNNs in feature extraction and 

classification. Attention maps can highlight regions contributing to cancer detection, aiding in explainable AI 

for healthcare. However, they need large datasets to avoid overfitting, which is a challenge in medical imaging 

where labelled data is scarce. Training ViTs requires high-end GPUs due to self-attention mechanisms and 

they lack standardised architectures as they are still evolving. Recent advancements in Transformer 

architectures, originally developed for natural language processing, have extended their applicability to vision 

tasks, offering advantages in snaring long-range dependencies and contextual relationships. 

 

1.2 Motivation 

The proposed model, VISNET is based on the basic investigation of cancer diagnosis i.e. Ultrasonography 

which is real time in nature. Breast cancer involves other investigations also, including mammography and 

biopsy which can be a painful investigation, PET Scan, MRI may not be suitable for young girls, pregnant and 

older women because of ionization and radiations. Though ultrasounds are preferred choice but clinically 

doctors have to write the report which is easy to miss and miswrite and is time consuming [7]. Manual medical 

diagnosis, while important, is time consuming and places a substantial burden on pathologists. In addition, 

unskilled pathologists who misdiagnose diseased tissues are possible [38]. However, considering only 

ultrasonography also has its limitation like, speckle, noise, shadows, dense breast, probe not being properly 

used, incorrect alignments, angles while using probe, reporting etc. While CNNs excel in localized feature 

extraction, they often struggle to capture global contextual information. Transformers, on the other hand, 

provide a mechanism to analyse relationships across an entire image. This research aims to investigate the 

combination of these two paradigms to develop a robust light-weighted hybrid model for breast tumour 

malignancy prediction that can run on minimum GPU support. This model aims to provide better accuracy 
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with less powerful machine, avoiding the use of high computational systems, saving time, cutting the diagnostic 

costs and making it affordable to both the diagnostic centres and common man. 

 

1.3 Contributions 

1. Propose a light – weighted hybrid architecture integrating CNN and Transformer modules for ultrasound 

image analysis. 

2. Develop a pre-processing pipeline tailored to the unique challenges of breast ultrasound images. 

3. Validate the proposed model on  publicly available datasets, comparing its performance with available state-

of-the-art methods. 

 

2. Related Work 

 

2.1 CNNs in Breast Tumour Classification 

CNNs have been widely employed for breast cancer detection in medical imaging. Studies demonstrate their 

efficacy in extracting spatial features, yet their inability to model global context limits their performance, 

especially in complex datasets. [8] Amin M S and Ahn H (February 2023) in their research paper 

“FabNet: A Features Agglomeration-Based Convolutional Neural Network for Multiscale Breast Cancer 

Histopathology Images Classification” proposed a deep layer CNN model architecture for cancer image 

classification by closely accumulating the layers together to merge semantic and spatial features. The model 

can learn fine-to-coarse structural and textural features of multiscale histopathological images by using 

accretive network architecture that agglomerate hierarchical feature map to acquire classification accuracy. [9] 

Sandler M et.al. (2018) in the paper “MobileNet V2: Inverted Residuals and Linear Bottleneck” defines a 

very basic network design to develop a family of an efficient mobile models that increases the state-of-the-art 

performance of mobile models on several tasks and bench- marks as well as over a spectrum of diverse model 

sizes. It demonstrates how to develop mobile semantic segmentation models through a shortened variant of 

DeepLabv3 which we name Mobile DeepLabv3.It is based on an inverted residual structure where the shortcut 

connections are between the thin bottle- neck layers. The suggested convolutional block has a unique attribute 

that allows to decouple the network expressiveness (encoded by expansion layers) from its capacity 

(represented by bottleneck inputs). it is important to reduce non-linearities in the thin layers in order to sustain 

representational power. [10] Basem S Abunasser et. al. (September 2023) in “Convolutional Neural 

Network for Breast Cancer Detection and Classification using Deep Learning” proposed a deep learning 

model BCCNN for detecting and classifying breast cancers into a total of eight classes where 4 classes were of 

Benign category namely benign adenosis (BA), benign fibroadenoma (BF), benign phyllodes tumour (BPT), 

benign tubular adenoma (BTA) and 4 were malignant namely malignant ductal carcinoma (MDC), malignant 

lobular carcinoma (MLC), malignant mucinous carcinoma (MMC), and malignant papillary carcinoma (MPC). 

They used deep Learning model with additional 5 fine-tuned models consisting of Xception, InceptionV3, 

VGG16, MobileNet and ResNet50 trained on ImageNet database. The preprocessing and balancing of dataset 

significantly boosted and helped in improving the accuracy of the fine-tuned pre-trained models and the 

detection and classification of breast cancer of the suggested model (BCCNN). [11] Tiara Lailatul Nikmah, 

Risma Moulidya Syafei and Devi Nurul Anisa (July 2024) in paper “Inception ResNet v2 for Early 

Detection of Breast Cancer in Ultrasound Images” used Inception ResNet v2 and augmented their data using 

zooming, rescaling and rotating which provided a better recognition of lesions. They used pre-trained 

Inception ResNet v2 with ImageNet big data with a diverse and large dataset to increase efficiency. the model 

showed some prediction errors but they were negligible as claimed it might be due to variations in the visual 

representations of the images. [12] Kalafi Elham Yousef et. al. (October 2021) in their research 

“Classification of Breast Cancer Lesions in Ultrasound Images by using Attention Layer and Loss Ensemble 

in Deep Convolutional Neural Networks” proposed a new architecture by augmenting attention module in 

modified VGG16 model to enhance feature discrimination of targeted lesions. Binary cross-entropy and 

Logarithm of the hyperbolic cosine loss were combined to create ensembled loss function for improving the 

model discrepancy between classified lesions and their labels. Their classification step involved the proposed 
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Attention-VGG16 model with CE-LogCosh loss function and compared it with standard pre-trained VGG16 

network. [13] Yaozhong Luo, Qinghua Huang, and Xuedong Li (November 2021) in research paper 

“Segmentation Information with Attention Integration for Classification of Breast tumour in Ultrasound 

Image” proposed a novel segmentation-to-classification scheme using segmentation-based attention 

information and augmenting it to deep convolutional neural networks (DCNN). Segmentation network 

enhances the tumour segmented images and the features are extracted using two DCNNs. Channel attention-

based feature extracted is aggregated to improve the performance. They compared their results with existing 

approaches which includes VGGNet16, VGGNet19, DenseNet121, DenseNet169, ResNet50, Inception V3, 

Xception, Inception ResNet V2. A ten-fold cross validation was performed and to evaluate the performance of 

the proposed method confusion matrix with metrics, Accuracy, F1-Score, Sensitivity, Specificity and AUC were 

considered. [14] Michal Byra (2021) in “Breast mass classification with transfer learning based on scaling 

of deep representations” proposed a novel transfer learning technique based on deep representation scaling 

(DRS) layers, which are inserted between the blocks of a pre-trained CNN to enable better flow of information 

in the network. The aim of this technique was to avoid the hassle in fine tuning when the number of trainable 

parameters of the pre-trained network is large and the available medical data are scarce. During training only 

DRS network parameter is updated to adjust the pre-trained CNN. In this approach, the last dense layer 

(classification layer) of the pre-trained ResNet101 was replaced with a dense layer suitable for the binary 

classification of breast masses, initialized with random weights. The task involved feature extraction, fine-

tuning last block, full fine-tuning and DRS. This approach could simultaneously scale deep representations 

and modify convolutional filters of the pre-trained model. The issues in their work were they utilized linear 

spatial and depth-wise operations only although they could have used nonlinear scaling functions also. [15] 

Zheng Dong Fei et.al. (March 2022) in their research paper “Discrimination of Breast Cancer Based on 

Ultrasound Images and Convolutional Neural Network” proposed a deep learning algorithm Efficient-Det to 

assist in diagnosing suspicious breast lesions into benign, malignant or normal. They used Jiangsu Hospital 

oncology data of 1181 records determined by surgery or biopsy of 487 patients. Efficient-Det was first retrained 

using an exclusive public breast cancer US dataset with transfer learning techniques. A blind test set consisting 

of 50 benign, 50 malignant, and 50 normal tissue images was randomly picked from the patients’ images as 

the independent test set to test its searching ability on suspicious tumour regions. [16] Moon W K, Lee Y-

W, Ke H-H, Lee SH, Huang C-S, Chang R-F (2020) in their research paper “Computer-aided diagnosis 

of breast ultrasound images using ensemble learning from convolutional neural networks” stated some 

issues with traditional CAD software (e.g., it is difficult to create handmade features; it is difficult to check 

overfitting issues with conventional CAD systems, etc.). The findings concluded that the tumour shape 

characteristic may enhance the diagnostic effect, that various picture content representations impact the CAD 

system's prediction performance, and that more image information enhances prediction performance. The 

drawbacks include ROI area and tumour contour of the B-mode US picture that are clipped according to expert 

definitions, might lead to varied ROI regions and tumour contours from various operators. 

2.2 Transformers in Vision Tasks 

Vision Transformers (ViTs) have redefined image classification tasks by treating images as sequences of 

patches. Their self-attention mechanism enables the capture of long-range dependencies, making them 

suitable for tasks requiring holistic analysis. [6] Behnaz Gheflati and Hassan Rivaz (2021) in the paper 

“Vision transformer for classification of breast ultrasound images” used an image dataset of 500*500 pixels 

with two datasets. They used Adam optimizer for training their model to 30 epochs. The model was fine-tuned, 

cross entropy loss function was used with self-attention-based mechanism. [17] Sudhakar Tummala, 

Jungeun Kim and Seife dine (2022) in the research paper “BreaST-Net: Multi-Class Classification of 

Breast Cancer from Histopathological Images Using Ensemble of Swin Transformers” worked on the concept 

of Swin transformer (SwinT) with non-overlapping shifted windows. They used openly available BreakHis 

dataset containing 7909 histopathology images acquired at different zoom factors of 40×, 100×, 200×, and 

400× for the two-class classification. [18] Kelei He et al (2023) in their paper “Transformers in medical 

image analysis” proved the use of Vision Transformers improved the performance of CNN-based classifiers 

for both natural and medical images. They con-ducted several experiments to compare the performance of a 
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CNN (i.e., ResNet50) and a ViT (i.e., DEIT-S) using different initialization strategies: (1) randomly initialized 

weights, (2) transfer learning using ImageNet pretrained weights, and (3) self-supervised pretraining on the 

target dataset with the same initialization as in (2). They evaluated these methods on the APTOS 2019, ISIC 

2019, and CBIS-DDSM datasets. 

 

2.3 Extensive Artificial Intelligence in Health care (XAI) 

Artificial Intelligence in Health care is seemingly gaining importance and has preserved its roots in patient 

care. Researchers have developed various models and techniques and have successfully implemented it in 

various care centres.  [19] Chaddad A, Peng J, Xu J and Bouridane A (January 2023) in their research 

paper “Survey of Explainable AI Techniques in Healthcare” provides a survey of techniques used for XAI and 

explains the concept behind the black box model of deep learning that reveals how the decisions are made. [8] 

Amin M S and Ahn H (February 2023) in their research paper “FabNet: A Features Agglomeration-

Based Convolutional Neural Network for Multiscale Breast Cancer Histopathology Images Classification” 

proposed a deep layer CNN model architecture for cancer image classification by closely accumulating the 

layers together to merge semantic and spatial features. [20] Tim Hulsen (August 2023) in the research 

paper “Explainable Artificial Intelligence (XAI): Concepts and Challenges in Healthcare” talks of a clinical 

decision support system for aiding doctors not only in the interpretation of reports by radiologists or pathology 

but also in the analysis of reports. 

 

2.3 Hybrid Architectures 

Recent efforts to combine CNNs and Transformers show promising results in general vision tasks. However, 

their application in medical imaging, particularly ultrasound-based malignancy prediction, remains 

underexplored. [21] Juan Gutierrez-Cardenas, Carrera de Ingeniería de Sistemas, Universidad 

de Lima and Lima-Perú (2024) in their research “Breast Cancer Classification Through Transfer 

Learning with Vision Transformer, PCA, and Machine Learning Models” used pretrained ViT on ImageNet 

dataset for feature extraction and reduced dimensionality using Principal Component Analysis (PCA). They 

evaluated mammogram images for Multilayer Perceptron (MLP) and Support Vector Machines (SVM). They 

used DDSM and INbreast Breast Cancer Dataset for their research a dataset of breast mammography images 

from the Dataset of Breast Mammography Images with Masses (Huang and Lin, 2020), available at 

https://data.mendeley.com/datasets/ywsbh3ndr8/2. The result demonstrated Average Accuracy 98.19%, 

Precision 98.3%, Recall 98.36% and F1-score of 98% for the DDSM dataset with MLP as classifier. The same 

metrics give us an average of 95.4% for the InBreast dataset. 

 

3. Proposed Methodology 

 

In clinical practice, the integration of deep learning techniques and computer-aided diagnostic methods 

provides specialists and clinicians with more effective speed, efficiency, cost, and precise diagnostic outcomes 

[39]. Thus, CNNs have a role in medical imaging tasks, including extracting features and classifying tumour 

lumps [40].The proposed model uses a hybrid of Vision Transform (ViT) and EfficientNetB0 architectures to 

categorize both dataset's images for binary (benign vs. malignant) classifications, using all available images 

from various datasets. The model EfficientNetB0 and Vision Transformer (ViT) [22] designs are the two 

networks that are combined to generate the hybrid network that forms the basis of the suggested technique. 

 

EfficientNetB0: EfficientNetB0 [22] is the baseline model of the EfficientNet family, designed for high 

accuracy and efficiency in image classification tasks. Here’s a summary of its key characteristics: 

1. Compound Scaling – EfficientNetB0 introduces a novel compound scaling method, balancing network width, 

depth, and resolution to optimize performance while maintaining efficiency. 

2. Lightweight Architecture – It has approximately 5.3 million parameters, making it significantly smaller and 

more efficient than traditional CNN models like ResNet. 

https://data.mendeley.com/datasets/ywsbh3ndr8/2
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3. Depthwise Separable Convolutions – Uses Mobile Inverted Bottleneck Convolution (MBConv) layers, 

reducing computation while maintaining feature extraction quality. 

4. Squeeze-and-Excitation (SE) Blocks – Implements SE blocks to enhance channel-wise feature 

recalibration, improving model accuracy. 

5. Swish Activation Function – Uses the Swish activation function, which improves non-linearity and gradient 

flow, leading to better convergence than ReLU. 

6. High Accuracy with Low Computational Cost – Achieves 77.1% Top-1 accuracy on ImageNet with only 0.39 

billion FLOPs, making it more efficient than models like ResNet50. 

7. Transfer Learning Friendly – Pre-trained on ImageNet, making it suitable for transfer learning applications 

in medical imaging and other domains. 

EfficientNetB0 serves as a strong foundation for deep learning tasks, balancing performance and efficiency 

effectively. 

Vision Transformer (ViT): The self-attention processes of Vision Transformer (ViT) models make them 

popular models. ViT models are widely used to deliver cutting-edge outcomes [22]. After receiving the 2D 

images as input, the ViT splits the input into multiple identically sized patches. The standard transformer 

encoder receives the vector sequence that results from the linear embedding of the patches. In this sequence 

of vectors, an extra learnable ‘‘classification token’’ is added. The motivation behind the integration of a 

transformer model into our approach is that it captures the long-range dependencies and understanding of the 

contextual relationships within the images. This is vital in the examination of histological pictures, where the 

spatial organization and shape of the cells and tissues play a critical part in the appropriate diagnosis.  

The EffNetV2-Vit [37] model proposed by M. Hayat et.al. worked on a specific dataset called BreakHis. Our 

suggested hybrid model combines the benefits of both EfficientNetB0 and the transformer-based ViT model 

encoder for image classification. The following steps were involved in our proposed hybrid model for image 

classification: 

 

3.1 Data Collection and Preprocessing 

We used two datasets for proving the accuracy and efficiency of our model. The first dataset model used is 

of Baheya Hospital for Early Detection & Treatment of Women’s Cancer, Cairo, Egypt [24] the data 

accessibility can be done at https://scholar.cu.edu.eg/?q=afahmy/pages/dataset Baheya Breast Ultrasound 

Dataset (BUS), comprising labelled pretrained weights from ImageNet images with benign (487) images and 

malignant (210) images. Our second dataset includes the UDIAT dataset(B), Spain. The UDIAT dataset 

samples were gathered from the UDIAT diagnostic centre of the Parc Tauli Corporation, Sabadell, Spain 

[25]. This dataset consists of a total of 163 ultrasound images with a pretrained weights from ImageNet of 

breast tumours. In these samples, benign and malignant cases correspond to 109 and 54 breast tumours. These 

ultrasound images have an average resolution of 760x570 pixels. The dataset can be found here: 

 

The preprocessing pipeline includes the following sequence. 

• loads and preprocesses images from a specified directory. For each .png image, it resizes it to a given size and 

checks for a corresponding mask file (with _mask in the filename). 

• Initially the ultra sound images are downsized to consistent 224 × 224-pixel proportions in order to get them 

ready for training. 

• If a mask is found, it normalizes the mask and uses it to highlight the lesion area which is our Region of 

Interest (ROI) while dimming the background using the image's mean colour. 

• The processed images are appended to a list and returned as output. 

• This helps prepare lesion-focused input images for deep learning models in medical imaging tasks like breast 

ultrasound analysis. 

An important tactic for artificially growing the dataset is data augmentation [32], which improves the model's 

accuracy and resilience while avoiding overfitting in image classification. 
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▪ Then we perform image augmentation algorithms to each magnification level separately to guarantee 

consistent data representation.  using random rotation by 10%, random flipping vertical and horizontal, zoom 

in-out by 10% and contrast adjusted by 10%. 

3.2 Model Architecture 

The proposed hybrid architecture with CNN and ViT is shown in Figure - 3. This hybrid model integrates the 

advantage of both CNN and Vision Transformers along with an enhanced self-attention mechanism for medical 

image analysis. Below is the description of modules: 

 

I.CNN Module: 

In this hybrid architecture we have used EfficientNet B0 (figure-1), the basic model among the EfficientNet 

family of CNN model. This is best suited for our model as it takes in fewer parameters and provides higher 

accuracy than other existing models. The image input provided is of 224 × 224 and it takes into account the 

MBConv (Mobile Inverted Convolutions) blocks with depth wise separable convolutions and an (SE) squeeze 

and excitation block with pretrained ImageNet weights. 

 

 
Figure 1: EfficientNet B0 block 

 

Local features are extracted using convolutional layers with layer freezing the top five layers of MBConv blocks. 

For reducing overfitting and retaining the spatially invariant features the feature map is then passed on to 

Global Average Pooling 2D layer does the averaging in spatial dimensions of height and width of feature 

map before passing it to final classification layer in CNN. The fully connected dense layer with 1024 units is 

then used for feature extraction and merged with the ViT features. 

 

II.Transformer Module: This module will process CNN-extracted features as sequences and applies multi-

head self-attention to capture global context. For ViT 

i.We create a 16×16 Patch 

ii.Perform patch + position encoding 

 

Patch Embedding 

Step 1: An image is split into fixed-size patches (e.g., 16×16 pixels). 

Step 2: Each patch is flattened into a 1D vector. 

Step 3: These vectors are linearly projected into a fixed-dimensional embedding space (like 768D). So, an 

image of shape H×W×C (Height × Width × Channels), and a patch size of P×P is changed into  (H/P) × (W/P) 

patches. Now each patch becomes a token (like words in NLP). 

Positional Encoding 

Transformers need a way to inject spatial information. This is accomplished by adding (or concatenate) a 

learned or fixed sinusoidal positional embedding to each patch embedding. The weakness in terms of 
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expressive power that Transformers exhibit due to order- and proportion-invariance has motivated the need 

for including information about the order of the input sequence by other means; in particular, this is often 

achieved by using positional encodings [30]. This encoding tells the model where in the image each patch 

came from. 

 

iii.Use a transformer encoder X4 

The transformer block is shown in Figure 2(b) where, each encoder block usually contains Multi-Head Self-

Attention (MHSA), Add & Layer Normalization, Feed-Forward Network (MLP), Add & Layer Normalization. 

 

III. Enhanced Self Attention Module: This is a feature fusion function (Figure 2(a)) designed to 

intelligently combine feature vectors from two different models namely Vision Transformer (ViT) and 

EfficientNetB0 into a single, dynamically weighted representation [36]. This is particularly useful in 

multimodal or hybrid architectures, where different feature sources may capture complementary information. 

The module learns to focus more on the relevant features for each input sample by computing attention 

weights. 

To begin, both input features are projected into a common feature space of the same dimensionality using 

Dense layers with ReLU activation. This ensures that both features are comparable in size and scale, and 

facilitates a smooth fusion process. 

Next, the projected features are concatenated and passed through another Dense layer with a Softmax 

activation function. This generates two attention scores—one for each feature source (Vision Transformer (ViT) 

and EfficientNetB0 ensuring that their sum is always 1. These scores represent the relative importance of each 

feature vector for the current input sample, and are split and reshaped to match the dimensions of the feature 

vectors. 

The attention scores are then applied to the respective feature vectors via element-wise multiplication. This 

effectively scales each feature according to its learned importance. The resulting weighted features are added 

together to produce a single, fused feature vector that contains information from both inputs, with dynamic 

emphasis placed on the more relevant one 

Finally, a Layer Normalization step is applied to the fused feature vector. This helps stabilize training, improve 

convergence, and maintain consistent feature distributions. The final output is a clean, normalized feature 

vector of shape (batch_size, projection_dim) that serves as an effective combination of the two input 

representations. 

 

 
Figure 2: 
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 (a)Self Attention block 

 (b) transformer encoder X4 block 
 

III.Perform Normalization: 

Normalization is performed in both CNNs and Transformers. However, in CNNs batch normalization is done 

after Conv or Dense layer whereas, in Transformers Layer normalization is performed after residual and 

attention or MLP layer. 

 

 
Figure-3: Proposed Hybrid model VISNET extracting features using a self-attention based 

enhanced hybrid model using ViT and EfficientnetB0 for image classification. 

 

Hybrid ViT + EfficientNet 

• EfficientNet handles local-level detail by analysing fine-grained texture, boundary sharpness, local 

contrast, noise. However, irregular, large scale lesions may be a problem in global context. 

• ViT captures the global structural relationships and models global symmetry, irregular shapes, boundaries 

and is useful in in cases where global structure is to be considered. 

• Finally fusing the features (here, self-attention) to give best extraction feature. 

 

Final Construction: 

After successfully fusing the extracted features by self -attention mechanism from both EfficientNet B0 and 

ViT,  a compact (fully connected) dense layer of 512 units from 1024 is generated. The dense layer thus 

generated of 512 unit is again optimized using ReLU to transform into a 256 one. Further the output image is 

classified into Benign and Malignant using the Softmax activation function. 

 

3.3  Training Strategy 

- Loss Function: Binary cross-entropy. 

- Optimizer: Rectified Adam with a Cosine rate scheduler. 

- Class Weight: Balancing for imbalanced data in class by assigning class weights 

o Loss Function: Binary Cross-Entropy 
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Binary Cross-Entropy (BCE) is appropriate for binary classification tasks, such as distinguishing between 

benign and malignant tumours. It measures the difference between the predicted probabilities and the actual 

binary labels. 

 

Binary Cross-Entropy Formula: 

 
Where: 

• yi: Ground truth label (0 for benign, 1 for malignant). 

• pi: Predicted probability for class . 

• N: Total number of samples. 

 

o Optimizer 

To iteratively adjust the model parameters and to minimize the loss function we will use an adaptive optimizer 

for accelerating the convergence and handling the gradient sparsity effectively. Instead of  using Adam 

optimizer we’ve used Rectified Adam [35] as it Introduces a rectification function that adjusts the learning 

rate dynamically to prevent extreme variations during early stages and is Well-suited for hybrid architectures 

with dynamic learning rates. 

• Learning Rate Scheduler: Reduces learning rate dynamically based on validation loss or epoch. Here 

we’ve used Cosine Decay Learning Rate Scheduler as it gradually reduces the learning rate using a cosine 

curve rather than a sharp steep curve. The parameters include initial learning rate, decay steps (epochs*steps 

per epoch) and final learning rate(alpha*initial LR) which ensures that LR never reaches zero. 

Helps stabilize training and improve generalization by slowly reducing LR, especially towards the end of 

training. Rectified Adam (RAdam) Optimizer with Decoupled Weight Decay helps in rectifies its variance in 

early training steps which is often more stable. 

 

o Assign Class Weight 

The stability in our model is secured as it works well with the imbalanced data. In our dataset the number of 

images in Benign Class is double than the Malignant class images. In classification tasks with imbalanced labels 

(like benign vs malignant), it helps prevent the model from being biased toward the majority class. 

 

Therefore, we have assigned weight 1.0 to benign class and weight 2.0 to malignant class to give more 

importance to underrepresented malignant class during training. 

 

Table 1: Hyperparameters used 

 

Parameter Method Used 

Input Size 224 × 224 

Epoch 20 

Batch Size 16 

Learning Rate 0.00001 

Patch Size 16 

Loss Function Binary Cross Entropy (BCE) 

Optimizer Rectified Adam (RAdam) 

Learning Rate Scheduler Cosine-Decay 

 

3.4 Proposed Algorithm and Flowchart 

This section describes the algorithms of different modules used in our research paper. The first  algorithm is 

of CNN EfficientNet B0 
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The second procedure is of Vision Transformer ViT 

 
 

The features from the above algorithms are fed in self-attention module below. 
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The final hybrid model of VISNET is then created using the above discussed procedures. 
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4. Experimental Setup and results 

 

4.1 Experimental setup 

To perform our training, testing and evaluation the hardware and software setup used for predicting 

malignancy is listed below: 

 

Hardware to be Used:- 

Processor: Intel Core i7 11th gen 

16Gb ram 

Graphics card: 4 GB Nvidia GeForce RTX3050-Ti 

 

Software to be Used (but not limited to):- 

Visual Studio Code editor 

Python 3.11.8 

TensorFlow 2.15.0 

Keras 0.20 

 

4.2 Evaluation Parameters 

To evaluate the robustness of the proposed model, confusion matrix is considered and parameters like 

accuracy, specificity, Precision, recall and F1-Score. 

1. Accuracy =         TP + TN 

                             TP + TN + FP + FN 

2. Precision =      TP 

                                TP+FP 

3. Recall =     TP 
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                          TP+FN 

4. F1-Score =           TP 

                            TP + 0.5(FP + FN) 

Where, TP is the true positive cases where the malignant cases were truly diagnosed, TN is the true negative 

cases where benign cases were truly diagnosed, FP is for false positive cases where benign cases were 

incorrectly identified and FN is for false negatives where malignant case were incorrectly identified as benign. 

The validation will also include the area under curve (AUC) and receiver operating characteristics (ROC). 

 

4.3 Comparative Analysis 

 

Table 2: Comparative Performance analysis of proposed hybrid model VISNET on BUS and UDIAT dataset 

respectively 

 
 

Table 2 above shows a comparative analysis of both datasets (UDIAT and BUS) with performances highlighted 

in bolds. In comparison with UDIAT, Baheya dataset gained better accuracy while overall performance came 

out better in case of UDIAT. For Baheya Hospital dataset in the left, VISNET, gains a maximum test accuracy 

of 97.6% and maximum validation accuracy of 100% with an AUC of 99.82%. The Precision and Recall is 

measured to be 97.51% and 96.79%. The F1-Score is 97.14% while, sensitivity and specificity are 96.8% and 

96.79%. The Average training time per epoch amounts to 10.11(s) with an epoch size of 20 and batch size of 16 

and total parameters of 5.4 million. 

For UDIAT dataset in the right, VISNET, gains a maximum test accuracy of 96.9% and maximum validation 

accuracy of 100% with an AUC of 98.76%. The Precision and Recall is measured to be 95.83% and 97.73%. The 

F1-Score is 96.67% while, sensitivity and specificity are 97.74% and 97.72%. The Average training time per 

epoch amounts to 10.11(s) with an epoch size of 20 and batch size of 16 and total parameters of 5.4 million. 

With reduced parameters and less GPU support VISNET authenticates its acclaimed light weighted model 

architecture. 
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Table 3: Confusion Matrix of BUS and UDIAT respectively 

 

 

 
 

The confusion matrix of BUS and UDIAT datasets indicating the model’s efficiency and prediction capability 

are shown in Table 3 above with Class 0 as benign (non -cancerous) and class 1 as malignant (cancerous). The 

figure3 left confusion matrix of Baheya Hospital test dataset shows 86 images correctly predicted of class 0 

(TN), predicted 1, but the true label was 0 (FP), model predicted 0, but the true label was 1 (FN) and correctly 

predicted 1 when it actually was 1(TP) out of total tested 125 images. The matrix shows a sound solid predicting 

model with only 3 mistakes out of 125 predictions. In case of FP, 1 benign tumour was incorrectly predicted as 

malignant which means a patient with a benign (non-cancerous) tumour might be incorrectly told they have 

cancer. It may cause Anxiety, unnecessary additional testing, possibly unneeded treatment but better safe than 

sorry in some medical cases. In case of FN, 2 malignant tumours were incorrectly predicted as benign which 

is dangerous because a patient with a cancerous tumour could be wrongly told everything is fine. It may lead 

to missed or delayed treatment, which could let the cancer progress definitely something critical to minimize. 

The confusion matrix on the right for UDIAT test dataset, 21 benign tumours correctly predicted as benign 

(TN), 1 benign tumour incorrectly predicted as malignant (FP), No malignant tumours were missed (FN), 

11 malignant tumours correctly predicted as malignant (TP). Out of 33, only 1 benign tumour was misclassified 

as malignant and no malignant was left out which gives a recall of 100% and is very important for cancer 

diagnosis. 

 

 
Figure 4: ROC curve of BUS and UDIAT respectively 
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An ROC curve (Receiver Operating Characteristic curve) [28] is a graphical representation used to evaluate 

the performance of a binary classification model with X-axis indicating False Positive Rate (FPR) = FP / (FP + 

TN) and Y-axis indicating True Positive Rate (TPR), also called Recall = TP / (TP + FN). Each point on the 

curve represents a different classification threshold. A perfect model has a curve that hugs the top-left corner 

(TPR = 1, FPR = 0). A random guess results in a diagonal line from (0,0) to (1,1). The Area Under the Curve 

(AUC) summarizes the curve into a single number. An AUC = 1, represents a perfect model while, AUC = 0.5 

indicates no discrimination (random). The curve shows that our approach for both classes( Class 0 for Benign 

and Class 1 for Malignant) are predicted precisely. 

 

 
Figure 5: Accuracy curve BUS and UDIAT 

 

Figure 5 above right shows the Validation Accuracy of Baheya (BUS) Dataset for our proposed model VISNET- 

hybrid of ViT and EfficientNet B0 with ViT, ResNet50 [26], EfficientNetB0 and VGG 16 [27] across epochs. 

Our model consistently performs the best, reaching close to perfect accuracy very quickly whereas, Vit struggles 

the most, with unstable and much lower accuracy. In case of Validation Accuracy Curve on the right of UDIAT 

dataset , VISNET still performs the best, reaching 1.0 accuracy faster and staying stable. ViT still shows a lot of 

instability, with big drops down to ~20–30%. ResNet 50 seems better now, but still has a few sharp dips 

(especially around epochs 9 and 18) while EfficientNetB0 and VGG16 are more stable, but their peak accuracies 

are lower (~0.8–0.9). 

 
Figure 6: Validation Loss curve of BUS and UDIAT 
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In Figure 6 the validation loss curve of Baheya (BUS) dataset is plotted depicting that our model VISNET 

achieved the lowest losses (close to zero), very quickly and stay there along with EfficientNetB0. ViT’s 

validation loss remains quite high (~0.65) and doesn't really improve. ResNet50 initially has a very high loss 

(>2.0!) but then quickly drops down to almost zero, although with some spikes while, VGG16 steadily decreases 

but not as low as the top models. 

The validation loss curve on the left shows the proposed model VISNET, again has the best performance as the 

loss smoothly decreases over time and stays very low (~0.1 or less). ResNet50 this time has a wild spike — loss 

shoots up to ~5.0 around epoch 3 before finally stabilizing much later.   ViT, EfficientNetB0, and vgg16 hover 

around a validation loss of ~0.7–0.9 without much major improvement. 

 

5. Conclusion and Future Work 

This research demonstrates the effectiveness of integrating CNNs and Transformers for breast tumour 

malignancy prediction in ultrasound images. The proposed model sets a new benchmark for accuracy and 

interpretability, paving the way for advanced AI-driven diagnostic tools in oncology. Our hybrid model 

VISNET, successfully captures the advantage of both the CNN and Vit by incorporating and infusing both local 

and global features making it a robust model to variations in ultrasound tumour morphology. Being light-

weighted it can run on low resources with less GPU support. Thus, the results are delivered much faster as 

compared to other heavy accurate models. VISNET, tested on Baheya Hospital Dataset (BUS) and UDIAT 

dataset clearly outperforms other state-of-the-art models discussed in the paper. The plots ROC curve, 

Accuracy curve and Validation Loss curve together really confirms the claims of our hybrid model VISNET 

with the best accuracy (97.6%), Precision (97.51%), Recall (97.73%), F1-Score (97.71%), AUC (99.82), and 

lowest loss in performance over other state of the art models considered in our research across all the metrices. 

The claims of being light-weighted is indicated with no. of parameters 5.4 million with a low GPU support on 

which the model was trained and tested and validation confirmed. We’ve seen that in comparison with other 

modelled vision transformers like Visformer [23], the no. of parameters were quite high, Visformer-S having 

40.2(M) params and VisformerV2-S with 23.6 (M) parameters. However, the computational complexity of 

Transformers necessitates hardware resources that may limit deployment in resource-constrained settings. 

However, in future it may be resolved with further enhancements in the model. 

 

Future Work 

Our Future research will explore to make further enhancements in our proposed model to make it more light-

weighted and explore other transformer variants. The enhanced model can be incorporated to work with multi-

modal imaging datasets. Furthermore, the same model can be trained for other ultrasound images of tumours 

found in different sites of lungs, thyroid, liver and more. 
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