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Abstract

Recent advancements in AI, driven by big data technologies, have reshaped various indus-

tries, with a strong focus on data-driven approaches. This has resulted in remarkable prog-

ress in fields like computer vision, e-commerce, cybersecurity, and healthcare, primarily

fueled by the integration of machine learning and deep learning models. Notably, the inter-

section of oncology and computer science has given rise to Computer-Aided Diagnosis

(CAD) systems, offering vital tools to aid medical professionals in tumor detection, classifi-

cation, recurrence tracking, and prognosis prediction. Breast cancer, a significant global

health concern, is particularly prevalent in Asia due to diverse factors like lifestyle, genetics,

environmental exposures, and healthcare accessibility. Early detection through mammogra-

phy screening is critical, but the accuracy of mammograms can vary due to factors like

breast composition and tumor characteristics, leading to potential misdiagnoses. To

address this, an innovative CAD system leveraging deep learning and computer vision tech-

niques was introduced. This system enhances breast cancer diagnosis by independently

identifying and categorizing breast lesions, segmenting mass lesions, and classifying them

based on pathology. Thorough validation using the Curated Breast Imaging Subset of Digital

Database for Screening Mammography (CBIS-DDSM) demonstrated the CAD system’s

exceptional performance, with a 99% success rate in detecting and classifying breast mas-

ses. While the accuracy of detection is 98.5%, when segmenting breast masses into sepa-

rate groups for examination, the method’s performance was approximately 95.39%. Upon

completing all the analysis, the system’s classification phase yielded an overall accuracy of

99.16% for classification. The potential for this integrated framework to outperform current

deep learning techniques is proposed, despite potential challenges related to the high num-

ber of trainable parameters. Ultimately, this recommended framework offers valuable sup-

port to researchers and physicians in breast cancer diagnosis by harnessing cutting-edge AI

and image processing technologies, extending recent advances in deep learning to the

medical domain.
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Introduction

Breast cancer is a significant health concern, especially in Asia, where diverse factors contribute

to its prevalence. It imposes emotional, physical, and financial burdens on individuals and com-

munities, necessitating global collaboration for early detection, improved healthcare, and tai-

lored treatments. In 2023, an estimated 300,590 new cases and 43,170 deaths from breast cancer

are projected in the United States [1]. Early detection and de-stigmatization are crucial for

reducing mortality and promoting mental well-being [2]. The age and presentation differences

between Asian and Western women with breast cancer raise questions about disease character-

istics, emphasizing the need for research and awareness. The complex nature of breast cancer,

with diverse subtypes and treatment responses, emphasizes the need for personalized treatment

strategies. Public education on self-exams, mammograms, and a healthy lifestyle is crucial for

prevention and early detection [3]. The evolution of medical imaging, from X-rays to modern

modalities like mammography, ultrasonography, CT scans, MRI, and digital radiography, has

significantly influenced cancer diagnosis and research [4]. These technologies have enabled the

acquisition of crucial medical images, which are then analyzed by radiologists, playing a pivotal

role in the diagnostic process. Mammography remains the preferred and reliable method for

breast cancer screening, especially in the early stages. Modern mammography equipment uti-

lizes digital technology, reducing radiation exposure and ensuring safety [5]. Its effectiveness in

early detection emphasizes the importance of promoting breast cancer awareness and regular

mammogram screenings for women, particularly those at higher risk. Mammography requires

precise positioning of the nipple in alignment with the lower edge of the pectoralis major mus-

cle. Two key views, MLO (mediolateral oblique) and CC (craniocaudal) are utilized to capture

comprehensive breast tissue images. The CC view focuses on inner breast tissue without the

axillary tail and centers on the pectoralis major muscle, ensuring accurate breast examination

[6]. Radiologists are skilled in identifying potential cancer risks by analyzing mammograms for

abnormal areas with increased brightness, location, breast size, and fatty tissue density [7]. They

emphasize concern when dense, white tumor masses are evident, as malignant tumors can

change in shape. Benign tumors pose minimal risk, but vigilance is necessary for anomalies like

calcifications, asymmetries, and structural deformations, often caused by artifacts. Various tech-

niques, including digital mammographic screening and full-field digital mammography

(FFDM), are employed from the CBIS-DDSM dataset.

Mammography can identify one or more lesions inside the breast that vary in size and loca-

tion. Radiologists routinely compare screening images over time to detect changes or confirm

breast cancer-related symptoms. Breast mass lesions, which can be benign or malignant, are

often identified through various methods, including mammography, biopsy, or MRI etc. Figs

1 and 2 showcase benign breast abnormalities, including calcifications and architectural dis-

tortion. Calcifications, visible as white patches and dots in mammograms, can sometimes be

associated with ductal carcinoma in situ, though they are typically benign. Macro-calcifications

appear as clear specks, while micro-calcifications, despite their small size, warrant closer atten-

tion due to their significance.

Architectural distortion in the breast, characterized by deformations without a visible

tumor, is a common benign condition but can be a precursor to breast cancer. Detecting archi-

tectural distortion can be challenging, especially in 2D mammography, due to its shifting

appearance, size, and position. Mammograms are valuable for categorizing breast abnormali-

ties by isolating tumors from the background, offering cost-effective diagnoses. While these

procedures often rely on manual interpretation by radiologists, computerized mammography

analysis has the potential to enhance accuracy and effectiveness, aiding in the distinction

between benign and malignant tumors, and ultimately improving diagnosis and treatment
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decisions. The study highlights the value of routine mammography exams in lowering mortal-

ity rates by identifying breast cancers early on before they have a chance to spread to other

body parts or healthy tissues. As a result, radiology specialists review mammography every day

to spot problematic lesions and evaluate any questionable breast tissue based on its location,

traits, and shape [8]. This process continues to be costly and error-prone despite its impor-

tance and the increasing number of mammograms checked daily, underscoring the need for

increased accuracy and dependability [9]. It is the job of radiologists to recognize worrisome

lesions on breast mammograms during screening and to differentiate between other types of

lesions, such as masses, calcifications, and other typical abnormalities. Physicians must then

decide how to treat the tumor and determine its pathology diagnosis to determine if it is

benign or malignant. As a result, computer-aided diagnostic (CAD) systems can offer a second

opinion, assisting professionals in determining the possibility of breast cancer in general [10].

Fig 1. Breast mass (A) and Calcification (B) lesions.

https://doi.org/10.1371/journal.pone.0304757.g001

Fig 2. Breast architectural distortion lesions.

https://doi.org/10.1371/journal.pone.0304757.g002
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Recent developments in AI for computer vision have produced algorithms that have shown

to be incredibly helpful to medical professionals. Particularly, these systems have proven their

capacity to precisely detect, outline, and classify malignant lesions in a variety of medical imag-

ing tasks, including mammography [11]. Conventional methods relied on straightforward

image processing and machine learning techniques to extract hand-crafted and fundamental

attributes with the aim of locating and identifying probable locations [12–14]. Cutting-edge

deep-learning algorithms are emerging as substitutes for traditional tumor segmentation

methods due to deteriorating accuracy and a high false positive rate. These new algorithms

offer more sophisticated capabilities and address the limitations of conventional approaches

by incorporating background tissue information and automating feature extraction for tumor

delineation and classification in computer-aided diagnosis systems. [15]. Advanced machine

learning methods, notably Convolutional Neural Networks (CNNs), are garnering attention in

automated CAD systems and medical imaging for their proficiency in feature extraction and

recognition, particularly in detecting subtle patterns associated with conditions like breast can-

cer. As computer processing power has grown, deep learning models have gained prominence

for their ability to automatically extract comprehensive features from medical images, elimi-

nating the reliance on prior knowledge or human feature engineering. [16]. This development

has helped to improve automated system results while finding a crucial balance between their

ability to recognize many lesions in a single mammogram and the accuracy of detecting these

lesions [17,18].

Cutting-edge CAD systems leverage deep learning algorithms to provide real-time assis-

tance to radiologists, enhancing early diagnosis and personalized treatment planning for breast

cancer. While automated techniques improve detection accuracy, radiologists’ clinical exper-

tise remains essential for prognosis and therapy decisions, underscoring the collaborative role

of technology and human judgment in patient care. [19,20]. To reduce false positive and nega-

tive instances since breast cancers, CAD system performance must be generally improved.

These features have led to widespread support for deep learning’s use in biomedical settings,

particularly in CAD systems created for mammography [21,22].

Finding tiny breast cancers is fundamentally more difficult than finding larger, more

advanced tumors. The use of sophisticated algorithms may aid in early detection, improve the

chances of effective therapy, and ultimately result in better patient outcomes. During the past

20 years, deep learning has demonstrated its ability to address complicated challenges in the

field of medical imaging by excelling in a range of computer vision tasks. As a result, we focus

on mammography in particular tasks such tumor identification, breast lesion segmentation,

and classification.

Mammography, introduced in 1913, has proven invaluable in early breast lesion detection,

significantly reducing mortality rates through screening. Research emphasizes the role of

Computer-Aided Diagnosis (CAD) systems, leveraging computer vision and AI, in automati-

cally detecting anomalies in mammograms, aiding healthcare practitioners in medical imaging

analysis. [23]. A technique for identifying cellular alterations in breast tissues that may differ-

entiate between diseased and healthy situations was developed by Tavakoli et al. [24], Prepro-

cessing procedures, a special block-based convolutional neural network (CNN) architecture,

and the inclusion of a decision-making mechanism are all part of this method. This process

creates a binary map that classifies pixels inside the defined region as either having anomalies

or being within the normal range after the CNN has been trained. It is noteworthy that this

method, when used on the MIAS database, has an amazing accuracy rate of 95%. Moon et al.

[25] developed a computer-aided detection (CAD) system specifically for the purpose of iden-

tifying malignancies in their work. This system uses CNN architectures, multiple representa-

tions of the image content, and an image fusion technique. Combining these methods led to
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diagnostic performance metrics for the ensemble method of 91.10%, 85.14%, 95.77%, and

0.9697, respectively. In order to improve information propagation, the study used skip connec-

tions, ResNet, and DenseNet connections to solve issues such gradient vanishing and inter-

layer transmission loss. It’s crucial to remember that in this investigation, B-mode ultrasonog-

raphy (US) images were used to manually delineate tumors and surrounding tissue. It’s impor-

tant to note, too, that depending on the operator, tumor shapes and regions of interest (ROIs)

can vary. In order to identify and detect breast cancer, Khan et al. [26] created a ground-break-

ing method that makes use of deep learning. To improve classification accuracy, they used

three different CNN architectures: ResNet, VGGNet, and GoogleNet. This solution, which

also made use of data augmentation techniques, outperformed rival approaches by an astound-

ing 97.525%. The study investigated a combination of human created features and features

retrieved by CNNs in order to further hone the categorization process. The difficulties in

image categorization, particularly when dealing with complicated histological images of breast

cancer, have been efficiently handled by contemporary breakthroughs in artificial intelligence

and image processing techniques. The classification of histological breast cancer images has

benefited significantly from the shift from traditional hand-crafted features to features

obtained from Convolutional Neural Networks (CNNs) trained on patch images. Importantly,

CNNs reliably produce objective findings across different datasets by classifying data without

largely relying on domain-specific expertise. Similar networks may likewise produce positive

results in this area. Peng et al. published a novel approach for automated mass detection [27].

They combined the multiscale-feature pyramid network and the Faster R-CNN model. Using

the CBIS-DDSM and INbreast datasets, our technique showed impressive true positive rates of

0.94 and 0.96, respectively. In their work Masni et al. [28] developed a computer-aided diagno-

sis system based on YOLO. When used with the DDSM dataset, this system has an accuracy

rate of 85.52%. For deep learning applications in medical image processing, Haq et al. [29] pro-

posed using a Convolutional Neural Network (CNN) model, specifically the DnCNN model,

with an emphasis on breast imaging data for breast cancer diagnosis. Within a 30-minute pro-

cessing window, their proposed DnCNN model performed superbly, obtaining an amazing

accuracy rate of 79%. Vedalankar et al. [30] used three easily accessible databases CBIS-DDSM,

DDSM, and mini-MIAS to solve the issue of class imbalance in mammography datasets. Their

suggested strategy called for the classification of architectural distortion in mammograms

using support vector machines and AlexNet. The results demonstrated the method’s superior-

ity over conventional methods with a peak accuracy of 92%, a sensitivity of 81.5%, and a speci-

ficity of 90.83%. It’s crucial to remember that this study is constrained by its reliance on a

rather small group of three databases. This demonstrates the necessity for additional validation

using larger and more varied datasets to guarantee the robustness and generalizability of the

strategy.

Alruwailia and Gouda, et al. [31] concentrated on utilizing deep learning models to improve

diagnostic mammography procedures for finding breast cancer in their study. To discriminate

between benign and malignant breast cancer cases, they used transfer learning with pre-trained

models, notably ResNet50 and Nasnet-Mobile. They also used augmentation techniques to

increase the amount of mammographic images in order to improve the system’s stability, avoid

overfitting, and broaden the dataset. The study’s findings showed that their deep learning sys-

tem on the MIAS dataset had an accuracy of 89.5% when using ResNet50 and 70% when using

Nasnet-Mobile. Importantly, when utilizing MOD-RES + oversampling (for ResNet50) and

Nasnet-Mobile, their deep learning-based strategy surpassed professional radiologists across a

range of parameters, including overall accuracy, precision, recall, and F1-score. Comparative

studies showed that the suggested strategy outperformed the existing models in the field of med-

ical imaging, especially when working with small training datasets. This highlights the potential
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for deep learning approaches to improve the precision and effectiveness of diagnosing breast

cancer early using mammography. According to Das et al. [32], early breast cancer identifica-

tion is crucial for increasing women’s survival rates. In order to help radiologists correctly diag-

nose breast cancer, their research relies on computer-aided diagnostic (CAD) systems. They

carry out a comparison analysis utilizing several criteria to compare deep CNN architectures

that have been trained on various datasets with a newly proposed shallow CNN architecture.

The work makes use of shallow CNNs that take advantage of distinguishable features and pre-

processed mammography pictures. By enhancing well-known CNN models including VGG19,

ResNet50, MobileNet-v2, Inception-v3, Xception, and Inception-ResNet-v2, they also investi-

gate transfer learning. Notably, the accuracy rates for the DDSM and INbreast datasets for the

shallow CNNs are 80.4% and 89.2%, respectively. Pre-trained CNNs, on the other hand, are

more accurate, with rates of 87.8% and 95.1% for the same datasets. These findings demonstrate

the potential of shallow CNN architecture and pre-trained CNN models for efficient breast

anomaly detection and precise cancer diagnosis. Different image dimensions and quality may

be to blame for the observed performance discrepancies between the CBIS-DDSM and INbreast

datasets. While deep learning-based features can result in overfitting, the INbreast dataset has

improved mammography quality. On the smaller INbreast dataset, however, fine-tuning

parameters enhance model performance. Although cross-dataset evaluations are part of the

research, they produce fewer promising outcomes than within-dataset testing. These results

offer insightful information for upcoming study topics. It’s important to note that other clinical

characteristics, such as medical history or regional variations, which could improve computer-

aided approaches for early cancer diagnosis and individualized care, are not taken into account

in this study. The study acknowledges transfer learning’s limits, particularly when natural image

features fall short of accurately capturing the subtleties of medical imaging. In order to over-

come this, the authors suggest that transfer learning from datasets in the specific medical

domain may result in algorithms for breast cancer diagnosis that are more accurate. The sug-

gested CNN models show superior information extraction from individual images as compared

to training each CNN from scratch after being thoroughly examined using contemporary meth-

ods. Notably, the maximum level of feature extraction efficiency is attained by the Xception

model, which incorporates depth-wise separable convolution for recovering obscured objects

and optimizes ResNet principles. The comparative analysis demonstrates the updated Xception

classifier’s superior performance in comparison to other models. With performance scores

ranging from 0.87 to 0.91 for the CBIS-DDSM dataset and 0.91 to 1.00 for the INbreast dataset,

the upgraded Xception classifier consistently outperforms previous techniques, exhibiting excel-

lent efficacy in the identification of breast cancer. An advanced framework based on deep learn-

ing and machine learning techniques was developed by Trang et al. [33] in their study with the

main goal of detecting breast cancer by merging clinical data and mammography images. 731

pictures from 357 women made up the dataset used in this study, which was used to train a

model that could distinguish between benign and malignant tumors. To do this, the researchers

developed models for support vector machines, random forests, gradient boosting machines,

and artificial neural networks (ANN) using clinical data. In order to assess mammograms, they

also used deep convolutional neural networks (CNN), such as X-ception, VGG16, ResNet-v2,

ResNet50, and CNN3. The combined model has an area under the curve (AUC) of 0.88, a sensi-

tivity of 89.7%, a specificity of 78.1%, and an overall accuracy of 84.5%, according to the study’s

findings. Surprisingly, the combined model performed better than utilizing just mammography

pictures, increasing accuracy from 72.5% to 84.5%. This study brought to light the benefits of

combining clinical information with mammography pictures to improve the precision of breast

cancer detection. The study concluded that the combination of clinical and imaging data could

improve the capacity of machine learning and deep learning models in the detection of breast
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cancer, thereby opening up new paths for therapeutic applications in the future. In order to

address women’s health issues related to breast cancer, The paper emphasizes the limitations

associated with using mammograms for breast cancer diagnosis and admits the frequent lack of

explainability and interpretability in these systems, despite the outstanding segmentation and

classification abilities of deep neural network-based CAD systems. Both individuals and medical

professionals may become less trusting as a result of this restriction. To close this gap, the sug-

gested methodology blends CBR and deep learning to produce precise and understandable clas-

sifications, improving the accuracy and comprehension of breast cancer detection. In order to

automate the segmentation of breast cancers, Hai et al. [34] were pioneers in the development

of a network that includes multiscale picture features. This network received scores of 60.41%

for Intersection over Union (IoU) and 76.97% for Dice on an independent dataset. In an experi-

ment, Soulami et al. [35] used a thorough UNet model to concurrently recognize, segment, and

categorize breast masses. Using the INbreast and DDSM datasets to evaluate segmentation abil-

ity, a stellar Dice score of 90.50% was attained. Shams et al. [36] created an end-to-end model,

for instance, that smoothly incorporated Convolutional Neural Networks (CNN) with Genera-

tive Adversarial Networks (GAN). They also provided a graphic of this integrated strategy.

Their main objective was to categorize mammograms as benign or malignant. In studies utiliz-

ing the DDSM dataset, they were able to get an accuracy rate of 89%, while using the INbreast

dataset, they were able to acquire an astounding accuracy rate of 93.5%.

A deep learning-based computer-aided diagnostic (CAD) method for early breast cancer

diagnosis was created by Hekal et al. [37]. Using CNN models with adjustable Otsu threshold-

ing, they improved the extraction of TLR (Texture and Location Relationship) characteristics

and increased the training process’ effectiveness. The mammography nodule images were

divided into four groups by the CAD system using a support vector machine (SVM)-based

classifier: Benign Calcification, Malignant Calcification, Benign Mass, and Malignant Mass.

Utilizing the ROI CBIS-DDSM dataset, the study presented its findings. The CAD system suc-

cessfully classified ROIs into these four classes with noteworthy accuracy, achieving an accu-

racy of 0.91 using the AlexNet model and 0.84 using the ResNet-50 model.

In order to enhance the classification outcomes of the MIAS dataset, Saber et al. [38] pro-

posed a deep learning architecture with a primary focus on identifying and diagnosing breast

cancer. The dataset underwent a number of preprocessing procedures, including the detection

of cancerous areas, noise reduction, and contrast enhancement. They used approaches for data

augmentation to improve the dataset. Notably, they improved mass-lesion classification by uti-

lizing freezing and fine-tuning techniques. When compared directly to alternative models, the

VGG16 model showed remarkably high diagnostic accuracy for breast cancer. With values of

98.96%, 97.83%, 99.13%, 97.35%, 97.66%, and 0.995, respectively, it earned remarkable metrics

for overall accuracy, sensitivity, specificity, precision, F-score, and AUC when utilizing the 80–

20 technique. With performance scores of 98.87%, 97.27%, 98.2%, 98.84%, 98.04%, and 0.993,

the VGG16 model performed admirably. The above literature review suggests that feature

extraction, detection, and classification tasks may not be sufficiently accurate or efficient for

the present CNN-based approaches for breast cancer detection. To obtain the appropriate

degree of precision, these procedures also appear to need more time and resources. This

research endeavor has a strong emphasis on raising detection accuracy. Despite the use of

complex models in prior studies, it is important to note that the data used in this study showed

an unequal distribution. Our goal in this research is to provide a quick and effective breast can-

cer diagnosis tool.
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Proposed methods

An overview of the extensive architectural models and techniques utilized in a CAD system for

the early detection of breast cancer is given in this part. To extract features, find anomalies,

segment tumors, and classify them, it makes use of cutting-edge deep learning and computer

vision methods. For thorough diagnostic support, the system fused YOLO detection, segmen-

tation using Associated-ResUNets, and classification through AlexNet (BreastNet-SVM).

A. Detection and identification

The YOLO network was developed as a departure from the conventional sliding window

approach, aiming to predict both bounding box locations and class probabilities for the entire

image using a single CNN. This innovative design significantly reduces computational over-

head. At the heart of YOLO’s architecture lies a fully convolutional neural network (FCNN),

illustrated in Fig 4, which divides the image into grids and generates bounding boxes, class

probabilities, and confidence ratings for each grid cell.

We used YOLO-V7, the improved YOLO network’s seventh iteration, which was especially

designed to improve object detection at various scales. The multi-scale feature extraction and

detection method is used by YOLO-V7. As shown in Fig 3 [39], it first uses skip connections

to address gradient vanishing problems in deeper network layers. Three fully connected layers

that handle features extracted at various scales make up the detecting segment. The system

uses anchor box theory to establish anchor boxes and fine-tunes them using a K-means

method with whole images, both of which are inspired by the Faster-RCNNs model. The out-

put matrices of multi-scale features are then arranged into grid cells and used along with these

anchor boxes. The selection of boxes with scores over a predetermined threshold is made eas-

ier by this design, which also makes it simpler to calculate the Intersection over Union (IoU)

percentages between ground-truth and anchor boxes. In order to ensure precise identification

when both scores exceed a predetermined threshold, the model predicts confidence levels,

probability distributions, and four offset values for each anchor box.

Our algorithm detects probable breast lesions within bounding boxes and assigns confi-

dence scores, as discussed in the preceding section. This is consistent with the YOLO-based

Fig 3. YOLO-V7 architecture [39].

https://doi.org/10.1371/journal.pone.0304757.g003
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architecture shown in Fig 4. The model settings, input data, and YOLO’s classification method

for identifying the lesion type (mass or calcification) all affect the confidence score. This lays

the groundwork for enhancing prediction results. In this paper, we propose ranking the Inter-

section over Union (IoU) scores of various augmented images, including rotations and

morphs, in order to prioritize the selection of precise predicted bounding boxes. This method

aids in the selection of sample mammograms for accurate localization and classification of

lesions. Additionally, to cut down on errors and improve overall performance, we advise merg-

ing predictions from various model implementations. These models undergo unique setup

and training, such as Model-1 for Mass and Calcification independently and Model-2 for

numerous classes. Following extensive testing, we develop customized fused models for calcifi-

cation using Model-1(calcification) and for mass using Model-1(mass). The mass and calcifi-

cation aspects of Model-2 considerably improve the general usability of the Model-1 models.

Beginning with initial Mass predictions from Model1(Mass), our fusion technique concen-

trates on predictions with an IoU score over threshold1. After separating images with mass

lesions using threshold2, we apply Model-2 (Calcification & Mass) to produce predictions.

Mass Predictions 2 are defined as images that Mass Prediction 1 does not cover. Combining

these two prediction groups yields the final Mass predictions shown in Fig 4. Calcification

forecasts are made using a similar process. We employ threshold1 (0.44) and threshold2 (0.38)

consistently throughout this fusion procedure since they have a history of producing promis-

ing outcomes.

To implement our strategy, we used a YOLO-based architecture. The core model was ini-

tially trained using a variety of configurations, each of which focused on a different class label,

such as mass, calcification, or architectural deformation. To determine the projected bounding

boxes with the best confidence scores for each iteration, we gathered a variety of augmented

images, including the originals and rotational versions. This technique was developed to accu-

rately identify the best images for the classification of certain mammograms and the precise

diagnosis of breast abnormalities. we used a fused YOLO-model strategy to improve the results

of our final forecast. By merging several forecasts, we hoped to lower overall error rates and

increase the adaptability of models with various configurations. Model-2, built on YOLO, was

set up for multi-class training including all three classes whereas Model-1 represented the

YOLO base model created for a particular class. By analyzing both M-1 and M-2, the Fused

Fig 4. Flowchart for the fused models.

https://doi.org/10.1371/journal.pone.0304757.g004
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Model was created to enhance overall detection performance. A new class label named "Nor-

mal" was also included to account for mammograms that came back normal during follow-up

screening. Assuring the lack of anticipated bounding boxes, we employed the YOLO-based

architecture trained on abnormal mammograms to forecast normal ones, permitting reliable

categorization as "Normal." The most recent screening mammograms were used for the mod-

els’ creation and testing, which included examples of lesions with architectural deformation,

calcification, or both. This all-encompassing strategy displays our dedication to improving and

expanding the applicability of the YOLO-based paradigm.

B. Segmentation

UNet, a prominent model in medical image segmentation, adopts an encoder-decoder

structure inspired by FCN, omitting fully connected layers. Its symmetrical architecture com-

prises down-sampling and up-sampling paths, forming a "U" shape. UNet’s key innovation lies

in integrating skip connections, vital for preserving spatial information lost during down-sam-

pling. Inspired by this, the "Associated-ResUNets" architecture joins two UNets with addi-

tional skip connections to enhance information flow as shown in Fig 5. Each encoder block

includes two convolution units followed by BN and ReLU layers, with the output undergoing

max pooling before passing to the next encoder block. Customized skip connections between

the first decoder and second encoder blocks recover decoded information, improving overall

segmentation performance.

To facilitate smooth transitions between down-sampling and up-sampling pathways, the

model employs an Atrous Spatial Pyramid Pooling (ASPP) block. This technique, utilizing

"Atrous" convolution, widens the receptive field while maintaining resolution. The ASPP

block integrates batch normalization layers and four 3 * 3 convolution layers with varying dila-

tion rates, combined to generate multi-scaled features fed into a 1 * 1 convolutional layer. Fol-

lowing the initial UNet design, a second UNet with increased skip connections and insights

from initial up-sampling is utilized. After activation with ReLU and normalization with a BN

layer, the output of the preceding decoding block is merged with itself and used as input for

the second UNet’s initial encoder block. Subsequently, the outputs of three encoder blocks’

maximum pooling methods are merged with the outcomes of preceding decoding blocks

before down-sampling. The terminal encoding block of the second UNet is directed to the

Fig 5. Architecture of Associated-ResUNets.

https://doi.org/10.1371/journal.pone.0304757.g005
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ASPP block, followed by a 1 x 1 convolutional layer and sigmoid activation layer to produce

the final output mask. Additionally, the A-ResUNet model incorporates an attention block to

fuse attention mechanisms with skip connections in encoder and decoder blocks. This atten-

tion block, accepting low-level data input, involves a transposed convolutional layer followed

by ReLU activation, sigmoid activation, and transposed convolutional layers to produce an

attention map. This map is multiplied with skip connection information to enhance segmenta-

tion accuracy. Finally, the decoder block receives input from this output to improve UNet’s

segmentation capability across varied medical image sizes, with one typical convolution block

replaced for optimization.

C. Classification using a BreastNet-SVM

In this phase, we introduce a customized technique inspired by the architecture of AlexNet

and its modified variants, forming the fundamental model termed BreastNet-SVM. Illustrated

in Fig 6, this model encompasses training, validation, and testing phases, using the

CBIS-DDSM dataset as the initial data source, comprising mammograms from individuals

diagnosed with breast cancer. The data preparation stage involves enhancing data quality

through preprocessing, including image transformations, noise removal, and outlier filtering.

Subsequently, the meticulously processed data is divided into training, validation, and testing

sets, with approximately 70% allocated for training and the remaining 30% for validation and

testing. Notably, input patches can vary in size: 16 x 16, 32 x 32, or 48 x 48. The training dataset

is composed of two main layers: the application layer and the performance layer. In the appli-

cation layer, features are extracted using the modified convolutional neural network Breast-

Net-SVM, capturing significant information from input images for further processing. To

Fig 6. The Proposed BreastNet-SVM framework.

https://doi.org/10.1371/journal.pone.0304757.g006
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optimize the model, three different optimization algorithms—Stochastic Gradient Descent

(SGD), Adaptive Moment Estimation (Adam), and Root Mean Square Propagation

(RMSprop)—are employed with specific hyperparameters, including a learning rate of 0.0001,

70 batches, and 150 epochs. The performance layer evaluates the precision and misclassifica-

tion rate of the proposed BreastNet-SVM model.

In Convolutional Neural Networks (CNNs), the convolutional layer is an essential compo-

nent that is in charge of identifying significant features in the input data. These layers carry

out convolutional operations, represented by the symbol. They first apply a filter on the incom-

ing image, though. It is common to refer to the result of this convolutional procedure as either

an activation map or a feature map. Eq (1) depicts this convolutional operation visually.

Aði; jÞ ¼ ðX∗YÞði; jÞ ¼
X

a

X

b

Xða; bÞYði � a; j � bÞ ð1Þ

In this case, the sign "X" stands for a filter’s dimensions, which are "a x b," "Y" stands for the

input matrix, which is often an image, and "A" is the resultant feature map that is produced

when the filter "X" is convolved with the input "Y." The symbol for this convolution operation

is "X Y." The output of the convolutional layer is then subjected to a non-linear activation func-

tion (AF) after this convolutional procedure. The network becomes non-linear as a result of

this AF. It is possible to process the feature map and introduce non-linearity while normalizing

network data using a variety of non-linear activation functions. Sigmoid, hyperbolic tangent

(Tanh), SoftMax, and rectified linear unit (ReLU) are some of these AFs. The ReLU activation

function is used in this study, and it produces zero if the input is zero or less. Eq (2) refers to

"ReLU" as the symbol for the mathematical representation of this ReLU process.

f ðzÞ ¼ maxð0; zÞ ð2Þ

In the realm of convolutional neural networks (CNNs), the pooling layer is commonly

employed subsequent to the convolutional layer to decrease the dimensionality of the feature

map while preserving essential features, often referred to as "down-sampling" in academic lit-

erature. Techniques such as average pooling, max-pooling, sum-pooling, and min-pooling are

utilized by the pooling layer to reduce the dimensions of the activation map, retaining critical

information. Before being forwarded to the fully connected layer, the feature map undergoes a

flattening operation, converting the feature map matrix into a long vector as shown in Fig 8. In

this specific application, 70% of pre-processed mammograms undergo convolutional opera-

tions in the convolutional layer. The proposed BreastNet-SVM comprises a total of thirteen

layers, including three pooling layers, three fully connected layers, and seven convolutional

layers, tailored for breast cancer identification, accommodating grayscale images of size 32 x

32 as shown in Fig 7. Initially, in the first two convolutional layers, 32 filters with a 3 x 3 kernel

size are applied with the same padding, utilizing the ReLU activation function to introduce

non-linearity. Following these layers, the original 32x32x32 image is down-sampled using a

max-pooling layer with a 2x2 filter and stride of 2. Subsequently, two additional convolutional

layers are employed, each featuring 64 filters, a 3x3 kernel, the same padding, and ReLU activa-

tion function. Post the initial max-pooling layer, which scales the image to 16x16x64, a second

max-pooling layer with a 2x2 kernel size and stride further downsamples the image, resulting

in an 8x8x64 image. The last three convolutional layers entail a total of 128 filters, each with a

3x3 kernel and ReLU activation. Following these layers, a third max-pooling layer is imple-

mented, using a specific kernel size to reduce the input dimensions to a single vector sized

2048 x 1.

In the classification process using a convolutional neural network (CNN), the Fully Con-

nected (FC) layer plays a crucial role after relevant features have been extracted. Serving as a
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bridge connecting neurons from the preceding layer to those above, the FC layer’s output is

passed through an Activation Function (AF) to generate class scores for classification. Com-

mon techniques for classification tasks include Support Vector Machines (SVM) and SoftMax.

In the BreastNet-SVM model, the support vector machine classifier is utilized to achieve opti-

mal accuracy in distinguishing between benign and malignant breast cancer forms, with

results evaluated at the performance layer. Deep learning tasks demand significant computa-

tional resources and training time, addressed through optimization algorithms like Stochastic

Gradient Descent (SGD), adaptive moment estimation (Adam), and Root Mean Squared

Propagation (RMSprop) to enhance performance. The Adam optimizer efficiently utilizes

resources, RMSprop dynamically adjusts learning rates, and SGD utilizes model parameters

and momentum to identify optimal parameters. Key metrics like accuracy and classification

rate are evaluated at the performance layer to determine if the model meets learning criteria,

requiring potential retraining. Upon training completion, the model and results are stored in

the cloud for future use. During validation, the cloud-stored BreastNet-SVM model is

retrieved for comparison with the trained model to assess performance. Utilizing a subset of

the validation dataset, the previously trained model categorizes cases as "benign" or "malig-

nant" based on cancer cell detection.

Our complete structure functions in a two-step sequential manner. It first recognizes and

categorizes breast masses before going on to section these masses. Before beginning the inten-

sive segmentation job, we take precautions by using a cutting-edge data augmentation tech-

nique. This method increases the dataset size of low-resolution mammograms while also

enhancing their quality. To be clear, our novel design is specifically applied to the regions of

interest (ROIs) containing breast masses that were determined in the preliminary stage. We

used the YOLO model to identify breast abnormalities and distinguish between calcification

and mass lesions in the earlier stage of our framework. The model thus produced bounding

boxes around pertinent areas on the whole collection of mammograms. Nevertheless, the

design is only used in the present phase on the ROIs associated with breast masses discovered

earlier. It’s important to highlight that because calcification lesions lack exact reference anno-

tations, this study only focuses on segmenting bulk lesions. The integrated YOLO model is

used in the earliest stage of our framework to identify worrying breast lesions and distinguish

between calcifications and mass lesions. Our newly developed architecture (shown in Fig 8)

makes it easier to seamlessly transfer the areas of interest (ROIs) containing the identified mas-

ses to the following segmentation stage. Our method comprises expanding specific bounding

box coordinates to cover more surrounding space around smaller tumors in order to account

for the various sizes of breast masses. This generates a series of ROI images that are then

Fig 7. The simplified diagram of the customized AlexNet architecture.

https://doi.org/10.1371/journal.pone.0304757.g007
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downsized to 227 x 227 pixel dimensions since empirical research has shown that this size is

the best input dimension for segmentation networks.

The following steps helped us increase the system’s performance:

1. We began with a mammogram that had not been changed and had exact mass annotations

highlighted in red. These annotations identified the mass’s Region of Interest (ROI).

2. We created a binary mask that successfully segmented the indicated mass to further fine-

tune the procedure. This mask assisted in separating the bulk from the nearby tissue.

3. The segmented output of the mass, which now excluded the surrounding tissue, was

obtained in the final stage. In the final classification phase, this segmented mass was used.

4. Using the segmented ROI masses as input, we trained a bespoke customized AlexNet

(BreastNet-SVM) model for the classification task individually for each classification aim.

We were able to forecast the pathology and categorize it as either benign or malignant as a

result of this phase.

5. This completes our elaborate framework, which is seen in Fig 9. All automated procedures

used in the evaluation and diagnosis of breast cancer are included.

Fig 8. The suggested comprehensive framework.

https://doi.org/10.1371/journal.pone.0304757.g008
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Experimental results

A. Detection and identification

For our YOLO model, we chose to concentrate on modifying a few key hyperparameters in

order to streamline the process and highlight the most important factors. Mammography data

was used in our trials, which involved randomly dividing it into 70% for training, 20% for test-

ing, and 10% for validation for each class as shown in Table 1. We just changed the hyperpara-

meters and kept the total trainable parameters constant throughout our studies.

To train our system for the recognition and categorization of breast lesions, we used

CBIS-DDSM mammography dataset. We altered the model’s input data and adjusted Model2’s

classification settings to enable multiple classes. Our findings unequivocally highlight the ben-

efits of applying data augmentation and scaling methods to the original mammography data-

set, with the dataset exhibiting especially notable performance gains. Notably, our model

accomplished a greater rate of detection accuracy, which is an impressive feat. Since M2 was

trained for both tasks using the enriched and scaled dataset, we ran tests where M1 was trained

independently for Calcification and Mass detection. The results of these experimental trials are

fully summarized in Table 2 below.

In this study, a second assessment phase was added to evaluate the model for simultaneous

detection and classification. This review procedure, which was extensive and included the

Fig 9. Proposed computer aided diagnosis framework.

https://doi.org/10.1371/journal.pone.0304757.g009
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integration of models developed under numerous situations, was explained in the preceding

chapter. We first presented the results from the independent models, M-1 and M-2, utilizing

the top-chosen mammograms from the enriched dataset to provide a thorough comprehen-

sion. Each pair of mammograms was evaluated together with six improved versions, such as

rotated or transformed variations, of the original image. After carefully examining these sets,

we chose the image with the best Intersection over Union (IoU) rating. The detection accuracy

rate for each prediction class was then calculated after we integrated multiple models to form a

new Fusion model, as shown in Table 3.

The fused model achieved remarkable accuracy rates, notably 98.5%, when identifying mass

lesions. This innovative fusion approach significantly enhanced the identification and classifi-

cation of breast lesions. By achieving a detection accuracy rate of 98.5%, the fusion strategy

effectively combined multiple models, delivering both speed and precision that surpassed cur-

rent state-of-the-art methods. It’s worth highlighting that Architectural Distortion, in particu-

lar, exhibited outstanding diagnostic capabilities with a sensitivity of 95% for cancer patients

and 93.09% for non-malignant cases as shown in Table 4.

Fig 10 shows the trade-off between FPR and TPR under various conditions using ROC

curve plots. Particularly noteworthy were the excellent AUC scores of 0.95 for the Architec-

tural Distortion and Mass cases and 0.96 for the Normal cases. The difficulty with calcification

lesions comes from their variety of shapes and locations; they frequently appear as minor,

irregular imperfections, making automated identification techniques work less efficiently.

B. Mass segmentation

Table 5 displays the evaluation findings for various testing sets, concentrating on the assess-

ment of segmented maps at the per-pixel level. We determined two evaluation indicators for

these results in this assessment.

The Associated-ResUNets architecture consistently outperforms the classic UNet, tradi-

tional AUNet, and ResUNet models, with considerable gains in Dice and IoU scores. Addi-

tionally, Associated-ResUNets and its variants exhibit great segmentation efficiency, with an

average IOU score 92.28% and Dice score 95.89%.

Table 1. Data distribution of CBIS-DDSM dataset.

Dataset Mass

Data

ROIs

Data

Augmented

Data

(ROIs x 6)

Training (70%) Testing (20%) Validation (10%)

CBIS-

DDSM (Mass)

1468 1468 8808 6165 1761 882

CBIS-

DDSM (Calcification)

1440 1440 8640 6048 1728 864

CBIS-

DDSM (Architectural

Distortion)

303 303 1818 1273 364 181

CBIS-

DDSM (Normal)

162 162 972 680 194 98

https://doi.org/10.1371/journal.pone.0304757.t001

Table 2. Evaluation of the model’s performance across various prediction categories.

Dataset M-1 M-2

Mass Calcification Mass Calcification Overall

CBIS-DDSM 97.9 89.9 96.2 88.7 93

https://doi.org/10.1371/journal.pone.0304757.t002
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C. Classification using a BreastNet-SVM

The study developed and assessed the BreastNet-SVM model using the publicly available

CBIS-DDSM dataset. Multiple statistical criteria, including sensitivity, miss classification rate,

specificity, and accuracy, were used to evaluate performance. These metrics established param-

eters for assessing the model’s overall performance and measured the model’s capacity to pro-

duce accurate predictions. They also helped to identify instances of wrong predictions. The

following criteria have been established to evaluate the model’s performance.

Accuracy ¼
ðTN þ TPÞ

ðTN þ FPþ FN þ TPÞ
ð3Þ

Miss classificatio rate ¼
ðFN þ FPÞ

ðTN þ FPþ FN þ TPÞ
ð4Þ

Sensitivity ¼
TP

ðTP þ FNÞ
ð5Þ

Specificity ¼
TN

ðTN þ FPÞ
ð6Þ

BreastNet-SVM model for breast cancer diagnosis, this study tests three distinct optimizers

(RMSprop, Adam, and SGD) on the CBIS-DDSM dataset. The efficiency of the model is then

evaluated by a comparison analysis with more recent strategies. A comparison of the training

phase, taking into account different input image sizes and optimizer selections, is presented in

Table 6.

The study assessed the effectiveness of the BreastNet-SVM model for detecting breast can-

cer using three distinct optimizers (RMSprop, Adam, and SGD) and three different input

image sizes (16x16, 32x32, and 48x48). The size of the input image and the optimizer selection

were found to have a substantial impact on model performance. Notably, Adam and RMSprop

both showed good performance, but the SGD optimizer consistently produced the maximum

accuracy across all input sizes. Table 7 provides a comparative analysis during the study’s vali-

dation phase and summarizes these findings.

The efficiency of the BreastNet-SVM model for the detection of breast cancer varies

depending on the optimizer chosen and the size of the input image. Especially with a 32x32

Table 3. Performance of fused model approach.

Dataset Accuracy of detection (%)

M-1 M-2 Fused-model

mass calcification mass calcification mass calcification

DDSM 97.9 89.9 96.2 88.7 98.5 93.4

https://doi.org/10.1371/journal.pone.0304757.t003

Table 4. Performance in detection & classification on test dataset.

(Label) (Precision) (AUC) (Sensitivity) (Recall) (Accuracy)

Normal 0.94 0.96 0.93 0.94 0.98

Architectural Distortion 0.95 0.95 0.95 0.95 0.98

Mass 0.94 0.95 0.93 0.94 0.96

Calcification 0.88 0.94 0.88 0.88 0.94

https://doi.org/10.1371/journal.pone.0304757.t004
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input image size, where it reached 99.16% accuracy, the SGD optimizer consistently produced

the highest accuracy. Across a range of sizes, the Adam optimizer also worked admirably,

whereas RMSprop showed great specificity but occasionally lower sensitivity. The setup of the

model can be optimized for the identification of breast cancer using these performance indica-

tors. A dataset of 6,165 samples that were divided into two categories malignant and benign

was used to train the model. A confusion matrix was produced throughout the training process

to evaluate its effectiveness as shown in Table 8.

The BreastNet-SVM model in the study was trained using 2,990 samples from the benign

category, and the performance of the model was assessed based on the accuracy of sample clas-

sification. The model accurately predicted 2,971 of these samples, however, 19 of them were

misclassified. Using a dataset of 3,175 samples, the model was trained on malignant samples,

accurately categorizing 3,128 samples while misclassifying 47. The validation phase of the

BreastNet-SVM model’s confusion matrix, which corresponds to the SGD optimizer that pro-

duced the best accuracy, is shown in Table 9. In the validation phase, 882 samples in total were

used to test the proposed model. These samples were then divided into two groups: malignant

and benign.

The suggested BreastNet-SVM model showed a high level of accuracy when predicting

benign instances during the validation phase. The model accurately categorized 406 out of 411

benign samples, misclassifying only 5. Malignant samples required 471 samples for validation;

Fig 10. ROC curve proposed fused YOLO model on test sets.

https://doi.org/10.1371/journal.pone.0304757.g010

Table 5. Segmentation performance on test set.

UNET Architectures Dice-score (%) IoU- score (%)

CBIS-DDSM

Standard UNet 89.88 86.44

Standard AUNet 90.26 88.03

Standard ResUNet 93.59 89.80

Associated-UNets 95.73 91.96

Associated-AUNets 95.83 92.18

Associated-

ResUNets

95.89 92.28

https://doi.org/10.1371/journal.pone.0304757.t005
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the model correctly predicted 461 of them while mis prognosticating 10 of them. The findings

of the improved AlexNet (BreastNet-SVM) model for detecting breast cancer are shown in Fig

11, including both benign and malignant outcomes. The right forecast of the first three images,

which were classified as genuine negatives, shows how accurately the model classified benign

instances. However, three images indicating cancer tissue were wrongly labeled as benign

(false negatives), and another three images representing benign tissue were incorrectly labeled

as malignant (false positives). The last three photos were appropriately classified as positive

instances by the BreastNet-SVM model, which accurately reflected their malignancy status.

With a remarkable accuracy of 99.16%, the BreastNet-SVM model performed exceptionally

well. Notably, it obtained an incredibly low misclassification rate of just 0.84%, the lowest per-

centage among comparable studies. Additionally, it demonstrated the highest sensitivity

(97.13%) and specificity (99.30%) during the experimental analysis performed on the

CBIS-DDSM dataset, which is available to the general public.

Discussion

We conducted a comprehensive comparison of our proposed methodology with recent studies

and similar methods. To ensure a thorough and equitable evaluation, we exclusively consid-

ered research that focused on the detection of Mass lesions, and these results are presented and

contrasted in Table 10. When comparing the detection accuracy rates with other studies that

utilized the CBIS-DDSM dataset, our fused YOLO models consistently outperformed in terms

of overall performance.

The BreastNet-SVM model delivered outstanding results, achieving an impressive accuracy

of 99.16% as in Table 11. Notably, it demonstrated the lowest misclassification rate observed

Table 6. Comparative evaluation of the BreastNet-SVM model while being trained.

Optimizer Input image size Specificity Sensitivity Accuracy Misclassification rate

RMSprop 16×16 97.43% 90.04% 93.26% 6.74%

Adam 16×16 96.66% 93.34% 95.02% 4.98%

SGD 16×16 98.94% 97.93% 98.85% 1.15%

RMSprop 32×32 96.05% 99.74% 98.30% 1.70%

Adam 32×32 97.76% 95.53% 96.55% 3.45%

SGD 32×32 99.03% 98.60% 98.77% 1.23%

RMSprop 48×48 98.01% 96.99% 97.35% 2.65%

Adam 48×48 98.32% 98.34% 97.98% 2.02%

SGD 48×48 99.56% 98.78% 99.24% 0.76%

https://doi.org/10.1371/journal.pone.0304757.t006

Table 7. Comparative evaluation of the suggested BreastNet-SVM model (validation).

Optimizer Input image size Specificity Sensitivity Accuracy Misclassification rate

RMSprop 16×16 99.60% 79.49% 87.38% 12.62%

Adam 16×16 96.34% 90.24% 95.02% 4.98%

SGD 16×16 95.02% 97.09% 93.94% 6.06%

RMSprop 32×32 96.94% 87.98% 95.93% 4.07%

Adam 32×32 96.25% 94.03% 92.01% 7.99%

SGD 32×32 97.64% 96.04% 96.03% 3.97%

RMSprop 48×48 96.94% 94.11% 96.56% 3.44%

Adam 48×48 98.24% 95.45% 95.89% 4.11%

SGD 48×48 99.30% 97.13% 99.16% 0.84%

https://doi.org/10.1371/journal.pone.0304757.t007
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Table 8. The BreastNet-SVM model’s best confusion matrix (training).

Actual Class Predicted class

Benign Malignant

Benign 2971 19

Malignant 47 3128

https://doi.org/10.1371/journal.pone.0304757.t008

Table 9. The BreastNet-SVM model’s best confusion matrix (validation).

Actual Class Predicted class

Benign Malignant

Benign 406 5

Malignant 10 461

https://doi.org/10.1371/journal.pone.0304757.t009

Fig 11. The BreastNet-SVM model’s benign and malignant breast tissues.

https://doi.org/10.1371/journal.pone.0304757.g011

Table 10. Evaluating the identification of mass lesions.

Author Method Dataset Year Detection accuracy rate

(%)

Al-masni et al. [40] YOLO DDSM 2017 85.25

Agarwal et al. [41] Mass probability map with CNN patch classifier CBIS-DDSM 2019 82

Peng et al. [42] Faster R-CNN CBIS-DDSM 2020 93.45

Vedalankar et al. [43] ALEX NET + SVM DDSM 2021 92

Alruwailia et al. [44] ResNet50 MIAS 2022 89.5

Das et al. [45] Shallow convolutional neural network DDSM 2023 80.4

Trang et al. [46] CNN (X-ception, VGG16, ResNet-v2, ResNet50) Private 2023 84.5

Ahmed S. Elkorany et al.

[47]

CNN(Inception-V3, ResNet50, and AlexNet) + multiclass support vector machine

(MSVM)

MIAS 2023 94.78

Proposed Method Fuesd YOLO Model CBIS-DDSM 2023 98.5

https://doi.org/10.1371/journal.pone.0304757.t010
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among similar studies in the field, standing at a mere 0.84%. Additionally, it exhibited the

highest sensitivity at 97.13% and the highest specificity at 99.30% in the experimental analysis

conducted using the publicly available CBIS-DDSM dataset.

Conclusion and future work

This research introduces an integrated deep learning-based CAD system aimed at assisting

medical professionals in breast cancer diagnosis. The system comprises three key phases:

detection, segmentation, and classification of breast abnormalities. The study demonstrates

the effectiveness of various models and techniques, such as fused YOLO for simultaneous loca-

tion and nature prediction, improved segmentation using attention mechanisms and residual

blocks, and the integration of Associated-ResUNets and BreastNet-SVM) for accurate classifi-

cation. The results highlight improved accuracy, reduced false positives/negatives, and the

potential for broader medical imaging applications. Future research could expand this frame-

work to incorporate more abnormalities and 3D medical images like CT scans and MRIs.
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