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1 Introduction 
 

The provided configuration manual details the hardware and software utilized, along with their 

implementation and application, for conducting a comparative analysis of machine learning and deep 

learning models for breast cancer detection. 

 

2 System Specification 
 

The System Specification showcases the specification into two subsections Hardware Specifications 

and Software Specifications. 

2.1 Hardware Specifications 

The Table 1 Hardware Design Specification showcases the computational needs for the execution of 

the comparative analysis of machine learning and deep learning models for breast cancer detection. 

Furthermore, the table delineates the necessary minimum computational components like 12 Cores, 

24 Threads, 4.7 GHz Base, 5.6 GHz max frequency.  

Table 1 Hardware Design Specification 

Component Specification 

Processor AMD Ryzen 9 7900X (12 Cores, 24 Threads, 4.7 GHz Base, 5.6 GHz 

Turbo) 

Graphics Card AMD Radeon RX 7900 XT (20 GB GDDR6) 

RAM 64 GB DDR5 (4800 MHz) 

Storage 2 TB PCIe 4.0 NVMe SSD, 4 TB SATA HDD 

Operating System Windows 10 Pro Dual Boot 

Motherboard MSI MPG B650 Carbon WiFi 

Power Supply Unit 1000W Platinum Certified PSU 

Cooling System Noctua NH-D15 Chromax  

Network Card Intel AX200 Wi-Fi 6 and Bluetooth 5.2 

External Storage 8 TB Seagate Expansion External Drive 
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Backup System APC 1500VA Smart-UPS with LCD Display 

 

 

 

2.2 Software Specifications 

Similar to hardware specification it is essential to meet the package level requirement for the 

execution of the code. This further becomes challenging with the ever evolving and migrating 

structure of the code libraries. Thus, the manual presents a detailed software specification list 

provided by the Table 2 Software and Library Specifications. This allows faster readability and 

usability of the code within the academic community. 

Table 2 Software and Library Specifications 

SOFTWARE/LIBRARY VERSION 

PYTHON 3.10.5 

NUMPY 1.24.2 

PANDAS 1.5.3 

MATPLOTLIB 3.6.3 

SEABORN 0.12.2 

OPENCV (CV2) 4.8.0 

TENSORFLOW 2.14.0 

SCIKIT-LEARN 1.3.1 

XGBOOST 1.7.6 

IMGAUG 0.4.0 

PILLOW (PIL) 9.4.0 

SKIMAGE 0.21.0 

TQDM 4.66.0 

WARNINGS (BUILT-IN) N/A 

 

3 Project Development 

3.1 Data Loading  

Data loading is an integral aspect of detection within the medical image diagnosis spectrum thus the 

Figure 1 Loading Images and Labels across 360 angle degree from the MIAS dataset delineates the 

process and angles associated to each mammographic sample, its loading and label generation.   
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Figure 1 Loading Images and Labels across 360 angle degree from the MIAS dataset 

 

The functions created in the Figure 1 Loading Images and Labels across 360 angle degree from the 

MIAS dataset allows for the loading of the dataset, but since malignant samples are far less than 

benign or non-harmful breast cancer mammographic images creates the need for data balancing. The 

goal of the study is to develop the use of mammography to the identification of breast cancer. Thus, 

the Mammographic Image Analysis Society (MIAS) dataset is used in this work. The collection 

includes mammograms that radiologists have annotated to help identify breast cancer. The dataset 

consists of 1024 × 1024 photos that are categorised into two severity classes: benign and malignant; 

and background tissue types, such as fatty, fatty glandular, and dense glandular. 

 

 

The Figure 2 Load the dataset and balance both benign and malign classes illustartes the process of 

selecting the maximum samples of malignant unit and creating a balanced randomly chosen dataset 

for training. This helps not only in creating different training sample units for cross validation during 

the statistcial analytics but also aids the balacning of feature vectors on both class feature domain 

aiding the reduction of biase within the training of the model. 
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Figure 2 Load the dataset and balance both benign and malign classes 

3.2 Data Preprocessing  

Preprocessing remains as the central most important segment of the data pipeline. The preprocessing 

allows for the extraction of pixels with most relevant information or at least to domain the most 

crucial group of pixels. To achieve the same Figure 3 Application of Preprocessing techniques like 

gray scaling and bilateral filtering methods incorporates Gray scaling to reduce any noise and 

normalise the image and then bilateral filtering for spatial and temporal data extraction. The function 

preprocesses an input image by first converting it to a grayscale format, simplifying the image to 

focus on intensity values. A bilateral filter is then applied to reduce noise while maintaining the edges, 

ensuring the image remains sharp. Next, the pixel values are normalized to a range of [0, 1], 

enhancing compatibility with machine learning models. Finally, the image is reshaped to add a 

channel dimension, preparing it as a 3D input suitable for deep learning architectures. This 

preprocessing ensures the image is optimized for neural network analysis. 
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Figure 3 Application of Preprocessing techniques like gray scaling and bilateral filtering 

methods 

3.3 Data Modelling  

The data modelling pipeline allows for the creation of machine and deep neural models, the Figure 4 

Application of Transfer learning for machine and deep learning comparison code creates a transfer 

learning feature extractor using the VGG19 neural network. The Model allows for the creation of a 

pseudo 3D convolution network, post which the vectors are passed into VGG19 extractor and then 

flattened into the model.  

The model then is used to create extractions for the mammographic imagery given in the feature 

variable X. Finally xop contains the feature vectors which are further analysed into machine and deep 

learning comparisons 

 

Figure 4 Application of Transfer learning for machine and deep learning comparison code 
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The research also creates a hybrid neural network called Residual Convolutional Attention Neural 

Network which consists of multiple convo attention networks with 64, 16 and 1 variable neurons. The 

architecture is delineated in the Figure 5 Residual Convolutional Attention Neural Network. The 

Hybrid architecture allows for the better utilization of computation, explainable AI in breast cancer 

mammographic detection and the formulation of higher results in comparison to the machine and deep 

learning methods created from the Figure 4 Application of Transfer learning for machine and deep 

learning comparison code. Further, Convolutional and attention neural networks are combined to form 

RCANN. The network can solve the disappearing and expanding gradient problems, which were 

thought to be persistent across deep learning and machine learning techniques. Remaining 

convolutional attention mechanisms may be integrated. In order to decode characteristics within the 

cancerous samples that serve as the basis for detection, the model seeks to attain spatial attention.  

 

Figure 5 Residual Convolutional Attention Neural Network 

After the creation of the RCANN model, the study incorporates a training procedure ensuring efficient 

and robust optimization. Model Check point saves the model's weights whenever there is an 

improvement in validation loss, ensuring the best model is retained. Reduce LR On Plateau adjusts the 

learning rate dynamically by reducing it when validation loss plateaus, enhancing convergence. Early 

Stopping stops the training early if validation loss does not improve after a specified patience period, 
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preventing overfitting. These callbacks help the model to be faster and efficient in computational 

utility. The aforementioned steps are highlighted vividly in the Figure 6 RCANN Modelling 

 

 

Figure 6 RCANN Modelling 

3.4 Evaluation and Explainable AI 

3.4.1 Evaluation  

This section evaluates the model's parameters across various subheadings such as machine learning, 

deep learning comparison, RCANN performance evaluation and explainable AI visualization. 
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Figure 7 Class-wise Model Evaluation 

Figure 7 Class-wise Model Evaluation showcases the evaluation process of the RCANN model. It also 

creates a vivid list of class wise computational metrics. The class wise comparison allows the model 

to help deduce the architectural flaws if any and look at both benign and malignant sample cases in 

case of an existing of inherent biased within the modelling tool.  

Figure 8 Evaluation illustration - confusion matrix and Classification Report showcases the confusion 

matrix which tells the true positive, false positive, true negative and false negative number of samples 

within the test group. Further the Figure 8 Evaluation illustration - confusion matrix and Classification 

Report illustrates the classification report calculating class wise precision, recall, F1 score, accuracy. 

As well as micro, macro and mean scores for the metrics. 
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Figure 8 Evaluation illustration - confusion matrix and Classification Report 

Another sample of the evaluation result is the One vs Rest Precision Recall Growth curve. This shows 

the balance within Precision rate and recall rate for a better nuanced view of the modelling technique 

showcased by the Figure 9 Precision Recall Curve. 

 

 

Figure 9 Precision Recall Curve 
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3.4.2 Explainable AI 

The Explainable AI is one of the most important parts of the project this allows for the visualisation of 

the attention maps which are inherently responsible for the creation and detection of the benign and 

malignant samples. The attention maps highlight the inner working of the RCANN architecture thus 

the Figure 10 Attention Illustration where in the images are chosen at random form the test set, 

attention function   is used to extract the output.  

 

Figure 10 Attention Illustration 

Figure 11 Attention or XAI sample view showcased the attention map for the mammographic samples 

from the attention neural network. This allows for the explainable AI calibration of contours and the 

region of interest for the based on the malignant and benign classes. 
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Figure 11 Attention or XAI sample view 

 

4 Conclusion 
 

The paper offers a thorough grasp of breast cancer, the present constraints on automated breast cancer 

diagnosis, and research needs related to the detection. The study suggests the RCANN module, a 

residual convolutional attention neural network, and fills in the research gaps found in the literature 

review. The network is extensively contrasted using machine learning methods such as adaptive 

boosting, decision trees, random forests, and voting classifiers. Additionally, convolutional neural 

networks, dense neural networks, and artificial neural networks are contrasted in order to have a 

whole simulation of deep neural architecture.  

 

A number of performance criteria, including precision, recall, F1 score, accuracy, sensitivity, 

specificity, and support, have been used to compare the suggested RCANN. ROC-AUC curves, bar 

plots, and confusion matrices are used to better visualise the measurements. The study on the 

identification and use of AI as a tool for medical image processing in breast cancer sample pictures is 

empirically supported by the suggested RCANN model's ability to infer attention maps to provide 

powerful kernel views that support explainable AI.  
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