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Abstract— The universal number of women diagnosed with 

breast cancer is estimated to be around three lakhs in 2026, of 

which 16% of women are less than 50 years at the time of 

diagnosis. The rate of survival is generally influenced by the 

time stages of the disease, age of the patient, genetic influence 

and diagnostic accuracy. Though imaging is one of the 

parameters, the confirmation of diagnosis is generally done by 

histopathological examination (Biopsy) and management based 

on Immunohistochemistry (IHC) only. Multi-modality system is 

preferred over Single-modality systems, as the later has the 

disadvantage of modality-specific noise coupled with low 

sensitivity. In this paper, a multimodal deep learning 

framework integrating digital mammography with Ultrasound 

images is developed by applying dual stream convolutional 

neural networks complemented with cross model attention 

fusion and Mote Carlo (MC) dropout. The dataset consists of 

both mammogram and ultrasound images, and they have been 

processed by two algorithmic models which are Modified 

Relation and Margin-Based Deep Learning Network 

(MReMarNet) and the Multi modal attention model. The 

proposed method aims to improve accuracy while maintaining 

reliability of two different datasets, Mini-DDSM and BUSI. 

Upon training, the results of the Multi modal attention model 

have a clear advantage over the MReMarNet model, thereby 

showing better results with rates of 99.00%, 98.00% and 

96.00%, 94.00% for the BUSI and Mini-DDSM datasets 

respectively. 
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I. INTRODUCTION  

Breast cancer is becoming a life-threatening non-

communicable disease affecting women universally. The 

stage of breast cancer at the time of diagnosis at which, plays 

a significant role in improving the survival rate and reducing 

the mortality rate. Mammogram and Ultrasound imaging 

techniques are part of the investigations available in the early 

diagnosis of breast cancer. But manual diagnosis of the 

images can vary due to image quality, which may lead to 

errors and misdiagnosis [1]. In [2], Ahmed focuses on 

mammographic diagnosis using advanced pretrained MLP-

Mixer models which are useful for Mini-DDSM based 

classification benchmarking. 

Huang, J. et al. [1] in their research have used a deep learning 

method based on segmentation of ultrasound images for 

breast cancer and Strong BUSI-related in contrast to our 

multimodal application. They have reported attention 

mechanisms highly relevant for BUSI diagnosis pipelines. 

Similarly, Shaukat et al.,[3] have used a complementary deep 

with traditional fusion, with ensemble classifiers for breast 

cancer detection with digital mammogram and ultrasound 

images.. Recently, Convolutional Neural Network models, 

which are related to Deep Learning, have demonstrated 

considerable ability in the detection of tumors and medical 

image analysis [4]. Hou J. et al [5] have used deep learning 

with powerful feature extraction and representation 

capabilities for modelling complex non-linear relationships. 

In another study by Sreelakshmi et al [6], have introduced a 

deep learning model in which digital imaging complements 

effectively in assessing clinical risk factors, achieving high 

accuracy(98%) on the DDSM data set . Dependence on 

feature extraction can be minimized manually by integrating 

CNN models in contrast to single modal data that has the 

disadvantage of limiting the ability to obtain significant 

information.  

The fast-paced deep learning technique in artificial 

intelligence has been a major influence in complementing the 

development of additional mechanisms reported by Ahmed 

et. al., in [7]. Furthermore, uncertainty estimation techniques, 

such as the Monte Carlo Dropout, have been introduced to 

enhance prediction reliability. Nasser et al. [8] have used 

models based on deep learning in the diagnosis of breast 

cancer. In this work, they have introduced a multimodal 

attention-based deep learning framework for breast cancer 

detection, which involves dual-stream CNN architectures that 

have been provided. 

Lee et. al., [9] in their study on similar topic reported that 

Digital Mammography is effective for detecting 

microcalcifications and structural distortions, whereas in 

patients with dense breast ultrasound is complementary in 

distinguishing benign from malignant diseases, though 

Biopsy is the final decision maker. Matharasi et al., [10] 

insists that despite rapid strides achieved with computer in the 

design, and processing, single-modality systems have the 

disadvantage of overlooking these complementary diagnostic 

aids.  

Recent developments in attention mechanisms and 

uncertainty-aware learning have opened new possibilities for 

robust medical AI systems. In [11], Guo et al., introduces a 

multi-modal architecture, that extracted modality-specific 

features using dual CNN backbones that enhanced spatial and 

channel-level representation via CBAM. This also used 

cross-modal relationships applying a dynamic multi-modal 

attention fusion mechanism, Monte Carlo Dropout estimated 

and predicted uncertainty. [12]. The advantage of the Monte 

Carlo dropout was to generate random predictions with 

interpretations of them as samples from a distribution 

probability. The dropout layers were kept active during 

testing, by creating a Bayesian approximation without 

retraining. It facilitates these models to provide confidence 



intervals for predictions by performing multiple stochastic 

forward passes for a single input to generate an output 

distribution. The novelty lied in the integration of cross-

modal attention and uncertainty estimation within a unified 

framework trained on both BUSI and Mini-DDSM datasets. 

Yan et. al., [13] in their retrospective analysis of similar study 

on 663 patients had concluded that this method approach 

complimented radiologists in breast lesion classification 

accurately and significantly contributed to clinician in 

arriving a decision, and improving consistency in diagnosis. 

Lekamlage et al., [14] stated that characteristic features based 

on CAD systems, Classical classifiers contrary to Deep 

CNNs such as ResNet and DenseNet have demonstrated 

better performance in mammography and ultrasound 

classification independently. Classification of breast cancer 

using uncertainty-sensitive cross-modal fusion architecture 

has been widely applied in the interpretation of breast 

imaging with histopathology and clinical data. The author 

had applied deep learning methods in determining the 

patients’ age from the Mammogram images in identifying 

missing data in their study. From this model, they were able 

to extract age attributes which had been found useful in 

training and testing AI models in breast cancer detection.  

Farooq et al., [15] has introduced a new model in their 

research, incorporating clinical materials available on 

cognitive domains weights with uncertainty attention 

mechanisms that combines confidence estimates in a robust 

manner. Similarly, Atrey et al., [16] demonstrated positive 

impact of clubbing deep learning and traditional machine 

learning using mammogram and ultrasound images in cancer 

breast diagnosis. In their study on breast lesion classification 

using imaging and deep convolutional neural network, Alaa 

Al Zoubi et al., [17] concluded that CNN models are on par 

with radiologist-opinion on ultrasound images in the 

interpretation. 

Sahu and Maher [18] in his study have proposed that, 

modified Relation and Margin Network (MReMarNet) was 

presented for efficient breast cancer detection and 

outperformed other networks with the accuracy and coupled 

benefits of intra-class compactness provided by RU and inter-

class separability provided by the FC branch make the system 

more efficient. Sannasi et al. [19] have utilized ResNet-18. 

They employed deep features extraction using a ResNet-18 

architecture coupled with Improved Crow-Search Optimized 

Extreme Learning Machine (ICS-ELM) based algorithm. The 

findings have demonstrated that the computer-based design 

system is found to be very effective and for the detection in 

addition to the classification of breast cancer. 

II. PROPOSED METHODOLOGY 

This is an observational study to compare between the 

MReMarNet and the Multi-Modal Attention method which is 

used for the early diagnosis of breast cancer. The following 

methodologies are used for processing the datasets which are 

illustrated, as follows: Dual-Stream CNN Backbone, 

Convolutional Block Attention Module, Multi-Modal 

Attention Fusion and Monte Carlo Dropout for Uncertainty 

Estimation 

A. Dual-Stream CNN Backbone 

This algorithm consists of two parallel CNN branches which 

process mammogram and ultrasound images separately. Each 

branch learns about modality-specific features accordingly, 

since using a single stream CNN may confuse texture patterns 

and may lead to weaker representations. As a result, this 

Dual-Stream CNN Backbone architecture is based on 

ResNet18 which is implemented for a multi-modal feature 

extraction. 

The feature maps for the multimodal inputs are computed 

using the convoluted equations (1) and (2) as follows, 

 Fm = CN (Nm (Xm))                                                   (1)                                              

 Fu =  CN (Nu (Xu))                                                        (2) 

 

Where Xm and Xu denote the input for the mammogram and 

ultrasound images respectively, and Nm (⋅) and Nu (⋅) 
represent the feature extraction networks and CN (⋅) denotes 

the convolutional operation applied to the features. The 

outputs Fm and Fu correspond to the mammogram and 

ultrasound modality. 

B. Convolutional Block Attention Module 

An attention mechanism that helps a CNN focus on the target 

and important locations, known as Channel attention and 

Spatial attention. It does not treat all regions equally and 

suppresses irrelevant ones while optimising important 

features. 

The Convolutional Block Attention Module is obtained by 

utilizing sequential application of channel and spatial 

attention mechanisms sequentially given in equations (3) and 

(4) 

                               F’ = Mc (F) ⊗ F                                (3) 

                               F’’ = Ms (F’) ⊗ F’                            (4) 

 

In the above equations, F denotes the input feature map, Mc 

(⋅) denotes the channel attention map, Ms (⋅) denotes the 

spatial attention map. The operator ⊗ denotes the element-

wise multiplication. The intermediate feature map F’ is 

obtained by applying channel attention whereas the final 

refined feature map F’’ is obtained after spatial attention.  

.  

 

C. Multi-Modal Attention Fusion 

A cross-modal attention mechanism has been implemented to 

dynamically integrate mammographic, and ultrasound 

features as shown in Fig. 1. Additionally, the proposed fusion 

module models the inter-modality dependencies allowing 

adaptive feature weighing based on diagnostic cues. With this 

mechanism, the Mammogram stream extracts structural 

features that include mass shapes, margins and calcifications 

whereas the Ultrasound stream extracts the texture and 

density features including internal echo patterns. The 

multimodal features are fused with a weighted combination 

as shown in equation (5), 

                       Ffused = ・ Fm + ・Fu                                              (5) 

 

Where Fm and Fu denote the Mammogram feature 

representation and the Ultrasound feature representation,  

and  are the attention weights for the mammogram and 

ultrasound maps respectively. The fused feature map 

integrates complementary information from both sources for     

improved representation. 



 

 

D. Monte Carlo Dropout for Uncertainty Estimation 

In normal dropout methods, neurons are normally turned off 

during training. This prevents overfitting. On the other hand, 

Monte Carlo dropout is enabled during inference to estimate 

the uncertainty. By performing multiple random probabilistic 

passes with dropout enabled, the mean and variance are 

computed resulting in classification probability and 

uncertainty estimation. This is a strong addition to Medical 

AI. In the view of Ultrasound and Mammogram, the input is 

run multiple times, and different neurons are dropped each 

time. The predictions are taken as samples from a 

distribution. With the variance being low, the model 

predictions are stable, and the model predictions will be 

unsure with a high variance. 

The predictive mean in equation (6) is anaysed as follows, 

 

                                𝜇 =
1

𝑇
∑ 𝑦̂(𝑡)

𝑇

𝑡=1
                          (6) 

 

Where  denotes the mean prediction, T is the Total number 

of forward passes and  𝑦̂(𝑡) indicates represents the prediction 

from the tth run 

As for the variance, the uncertainty in equation (7) is 

calculated as follows,  

 

                        2 = 
1

𝑇
∑ (𝑦̂

(𝑡) − 𝜇)
2𝑇

𝑡=1
                      (7) 

 

Where 2 indicates the variance, T is the Total number of 

forward passes, and 𝑦̂
(𝑡) − 𝜇 indicates the difference of each 

prediction from the mean. 

A higher variance indicates greater uncertainty in the model’s 

predictions. 

 

The proposed multimodal framework was trained using 

mammogram and ultrasound images corresponding to the 

non-malignant and cancer classes. Both the modalities were 

processed simultaneously during each forward pass to enable 

joint feature learning and cross-modal interaction within the 

dual-stream architecture. Cross entropy loss based strategic  

model optimization, an intentional function for binary 

divisions, the model parameters were optimized using the 

Adam (Adaptive Moment Estimation) optimizer. As Adam 

combines the advantages of both momentum and adaptive 

learning rate methods, it was chosen owing to faster 

convergence, stability in multimodal architecture, and 

robustness to sparse gradients.  

 

The training was conducted using gradient descent of mini-

batch where a batch-size is defined in the implementation, as 

the mini-batch training offers an improved gradient stability, 

efficient GPU utilization, and a faster convergence compared 

to full batch training.  

 

The training was performed using the GPUs from the Google 

Cloud platform. Leveraging the parallel processing 

capabilities has reduced the training time drastically and has 

enabled the efficient handling of dual-stream feature 

extraction, attention based fusion operations and Monte Carlo 

dropout sampling. For this implementation, the mammogram 

and the ultrasound images are passed through two separate 

CNN pathways, the features are extracted through the 

attention based fusion module. Furthermore, the fused 

representation was fed into the final classification layer and 

cross entropy loss was measured against the ground-truth 

level. Finally, the backpropagation has updated all the 

learnable parameters jointly. 

 

Therefore, this simultaneous operation emphasizes joint 

feature learning, cross-modal dependency modelling and 

end-to-end training stability. To prevent overfitting, the 

dropout layers are incorporated within the fully connected 

layers. During training, the neurons are deactivated in a 

predetermined manner and promote robust feature learning 

and prevent co-adaptation of neurons. Sensitivity is 

emphasized due to its clinical importance in cancer detection. 

 

IV. RESULT AND DISCUSSION 

A. Dataset 

The dataset consists of the ultrasound images of women 
ranging between 25 and 75 years of age taken from the BUSI 
(Breast Ultra-sound Imaging) dataset, which were collected 
around 2018. The dataset consists of around 780 images which 
are classified into three parts: Benign, Cancer and Normal, 
where the average image size is of 500 x 500 pixels. The BUSI 
dataset has been primarily used to train models to detect 
cancer lesions in breast ultrasound images. 

On the other hand, the Mini-DDSM (Digital Database for 
Screening Mammograms) is a smaller, lightweight version of 
the larger DDSM dataset. This dataset consists of the 
mammographic images of women between 30 to 90 years of 
age. Owing to the large size in the normal DDSM dataset, the 
Mini version is used for training the algorithms. The Mini-
DDSM dataset is also split into different parts: Benign, Cancer 
and Normal. The images are compressed with generated 
lossless JPEG encoding. A thorough evaluation applying this, 
considering various performance indicators, covering 
accuracy, sensitivity, and specificity. Through these 
parameter evaluations, the model’s capability to assess and 
stratify mammography images and clinical diagnosis breast 
cancer is confirmed. The filtered subset of DDSM, known as 

 
Fig. 2. Ultrasound images of each class of (a) Malignant, 

(b) Benign and (c) Normal from the BUSI dataset. 

 

 

Fig. 1. Multi-Modal Attention Model based architecture 

 



the Mini-DDSM Dataset with digital mammography images 
classified into Benign, Malignant or NAD (No abnormal 
diagnosis) using BI-RADS. (Figs. 2 & 3). 

 

Fig. 2. Mammography images of each class of (a) Malignant, 

(b) Benign and (c) Normal from the mini-DDSM dataset. 
 

B. System Configuration 

To ensure the accurate execution of all results, a Google 

Colab notebook was used with a T4 cloud GPU to process the 

datasets. This system is designed to carry out experiments 

with the greatest accuracy and precision. The training set 

includes the dataset images. 

C. Comparitive analysis with the MReMarNet method 

The following comparisons have been made between the 
MReMarNet [19] and the Multi-Modal Attention method. 

The attention method focuses on tumour regions rather 
than the background tissues which leads to improved detection 
of microcalcifications, masses and irregular boundaries. 
Furthermore, it learns complimentary information. In 
addition, the Monte Carlo method improves robustness, 
generalization and uncertainty estimation which comes in 
useful for AI in medical diagnosis. 

 

 

In the end, the Multi-modal attention method is the better 
option as it incorporates attention mechanisms, multimodal 
feature fusion and Monte Carlo dropout, which improves 
feature learning and reduce classification errors. As a result, it 

achieves a higher score on accuracy, precision on the BUSI 
and the Mini-DDSM datasets. 

Since carcinoma of the  breast is one of the leading causes 
of cancer mortality among women around the world, 
Mammography is widely used for screening; however, dense 
breast tissue can obscure lesions [20]. Ultrasound imaging 
complements mammography by providing better visualization 
of soft tissue structures. Radiologists routinely integrate 
information from both modalities for improved diagnostic 
confidence [21]. Recent deep learning systems have 
demonstrated strong performance in image-based 
classification, yet most are unimodal and lack uncertainty 
estimation [22]. 

 

 

TABLE I.  PERFORMANCE ANALYSIS COMPARISON 

BETWEEN MREMARNET AND MULTI-MODAL ATTENTION 

FRAMEWORK METHODS TO IDENTIFY ABNORMALITY USING 

THE BUSI DATASETS. 

Metric Multi-Modal 
(%) 

MReMarNet 
(%) 

Accuracy 99.00 91.00 

Precision 98.50 88.00 

F1-Score 0.9825 0.8900 

Recall 98.00 90.00 

Specificity 97.00 87.00 

 

 

Fig. 4 Comparison with MReMarNet and Multi-

Modal Attention Model on BUSI Dataset for 

detecting Abnormality 

  
Fig. 5 Comparison with MReMarNet and Multi-

Modal Attention Model on BUSI Dataset for 

Malignancy Classification 

 

Fig. 6 Comparison with MReMarNet and Multi-

Modal Attention Model on Mini-DDSM 

Dataset for detecting Abnormality 

Fig. 7 Comparison with MReMarNet and Multi-

Modal Attention Model on Mini-DDSM Dataset 

for Malignancy Classification 



TABLE II. PERFORMANCE ANALYSIS COMPARISON BETWEEN 

MREMARNET AND MULTI-MODAL ATTENTION FRAMEWORK 

METHODS TO CLASSIFY MALIGNANCY USING THE BUSI 

DATASETS. 

Metric Multi-
Modal (%) 

MReMarNet 
(%) 

Accuracy 98.00 88.00 

Precision 97.00 85.00 

F1-Score 0.9751 0.8600 

Recall 97.02 86.50 

Specificity 95.04 84.00 

TABLE III. PERFORMANCE ANALYSIS COMPARISON BETWEEN 

MREMARNET AND MULTI-MODAL ATTENTION FRAMEWORK 

METHODS TO IDENTIFY ABNORMALITY USING THE MINI- DDSM 

DATASETS. 

Metrics Multi-
Modal (%) 

MreMarNet 
(%) 

Accuracy 97.50 89.00 

Precision 96.00 84.00 

F1-Score 0.9650 0.8500 

Recall 97.00 86.00 

Specificity 94.00 83.00 

TABLE IV. PERFORMANCE ANALYSIS COMPARISON BETWEEN 

MREMARNET AND MULTI-MODAL ATTENTION FRAMEWORK 

METHODS TO CLASSIFY MALIGNANCY USING THE MINI- DDSM 

DATASETS. 

Metrics Multi-
Modal (%) 

MReMarNet 
(%) 

Accuracy 96.00 84.00 

Precision 94.00 81.00 

F1-Score 0.9404 0.8200 

Recall 94.08 82.50 

Specificity 92.16 81.00 

 

Clinical deployment demands, Multimodal feature 
integration, Attention-guided lesion localization, Reliable 
confidence estimation. This work introduces a multimodal 
attention-driven framework that integrates mammography and 
ultrasound imaging while quantifying model uncertainty. 
Mammography and ultrasound provide complementary 
diagnostic signals. Attention mechanisms improve 
representation learning. Uncertainty estimation enhances 
model reliability. The integration of CBAM and cross-modal 
attention improved feature discrimination. MC Dropout 
enabled uncertainty-aware predictions. The Monte Carlo 
Dropout has successfully identified high-uncertainty cases, 
particularly in borderline benign-malignant lesions. The 
Attention heatmaps demonstrated improved lesion 
localization, enhancing interpretability. Key Observations 
include Improved classification stability. Reduced false 

negatives, better generalization across modalities., a 
meaningful uncertainty differentiation between confident and 
ambiguous cases. The multimodal attention framework has 
achieved a higher accuracy than unimodal baselines which has 
improved sensitivity for malignant lesions and reduced false 
negatives. 

In comparison with the MReMarNet (Modified Relation 
and Margin Network) which employs static feature fusion and 
deterministic prediction, the combined methods of the 
CBAM, Cross modal attention and MC Dropout have a 
slightly slower inference speed but the interpretability is better 
with attention maps and uncertainty. Overall, it is dynamic, 
adaptive and has led to clinically safe decision making. This 
enhances inter-modality dependency modelling and improves 
clinical reliability through probabilistic inference. 

To further enhance discriminative feature learning within 
each modality stream, an attention refinement mechanism 
based on the Convolutional Block Attention Module (CBAM) 
is incorporated in our the proposed dual-stream architecture. 
CBAM enables the network to emphasize diagnostically 
relevant regions while suppressing redundant background 
information. This procedure has the best potential of deep 
learning-based approaches in USG of breast based on 
computer-aided diagnostic systems, resulting in a reliable, 
speedy, and decision complementary tool for early diagnosis. 
Standard convolutional layers treat all spatial and channel 
information equally. However, lesion-related patterns occupy 
limited and specific regions of the image. Therefore, attention 
refinement is necessary to guide the network toward clinically 
meaningful features. 

V. CONCLUSION 

In this work, it is illustrated that the combined features of 

CBAM, Cross modal attention and MC Dropout show a better 

and a marginal improvement over the Modified Relation and 

Margin Network in the detection of tumours present in the 

mammogram and the ultrasound datasets where the biggest 

advantage is uncertainty modelling. It is hoped that this will 

help radiologists make helpful decisions by using these 

methods. 
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