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ABSTRACT 

Breast cancer is one of the most prevalent and lethal forms of cancer among women. Early detection and 

correct analysis play crucial roles in improving patient results and increasing survival rates. However, 

conventional strategies for the screening and analysis of most breast cancers, including mammography, 

ultrasound, and biopsy, may be limited by their accuracy and specificity, mainly due to the neglect of fine-

lesion cases. This paper describes a system for the early detection of breast cancer, based on a Deep 

Learning (DL) strategy to enhance the accuracy of breast cancer detection. The proposed system uses a 

Convolutional Neural Network (CNN) trained on the DDSM database of mammogram images to process 

and classify suspicious lesions with high precision. The DL model is optimized using advanced techniques, 

transfer learning, data augmentation, and the ResNet50 model to improve its performance and 

generalization skills and capabilities. The implementation results demonstrated significant precision 

(98%), especially in the detection of fine lesions and suspicious microcalcifications. 
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I. INTRODUCTION  

Breast cancer is one of the most common diseases that 
affect women, particularly those older than 45 years [1]. In 
2020, nearly 2.3 million new cases of breast cancer were 
diagnosed, making it the most common cancer among girls and 
women [2]. However, despite its high incidence, scientific and 
medical advances have highlighted the importance of early 
detection to increase survival rates and reduce medical and 
social costs [3]. Breast cancer is characterized by the presence 
of a malignant tumor due to the extraordinary and anarchic 
multiplication of cells in tissue [4]. Several forms of breast 
cancer are described by the American College of Radiology 
(ACR) as abnormalities in mammographic images, including 
mass lesions, architectural distortions, and microcalcifications 
[5-6]. However, although mammography images are evaluated 
and interpreted by radiologists, previous studies have 
confirmed that between 10% and 30% of breast cancer cases 
are undiagnosed or undetected at the first level [7]. This 
justifies the need to use smart diagnostic guidelines and 
Artificial Intelligence (AI) tools to improve clinical results and 
detect the disease early.  

Early work on Computer-Aided Diagnosis (CAD) systems 
for breast cancer detection dates back to the 1990s. Traditional 
CAD systems rely on handcrafted features and machine 
learning strategies, such as Support Vector Machines (SVMs) 

and Random Forest (RF), to analyze mammogram images and 
detect suspicious lesions [8-9]. However, these systems are 
limited by their dependence on manually engineered features 
and their inability to capture complex data. Later, in [10], a 
segmentation approach was presented to address the inherent 
ambiguities in the sensor data. This technique included spatial 
context information for pixel types, mirroring an essential 
element of human reasoning. With the current developments in 
Deep Learning (DL), CNNs have revolutionized the field of 
scientific image analysis, such as breast cancer detection [11]. 
DL models, such as CNNs, can process hierarchical 
representations in medical images, eliminating the need for 
manual feature engineering. One of the first advanced studies 
on this discipline was carried out in [12], where a CNN-based 
approach was presented to classify breast lesions on 
mammograms. This approach achieved an Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC) of 0.87, 
outperforming conventional CAD methods. In [13], a transfer 
learning approach was presented, using pre-trained CNNs that 
achieved an AUC of 0.90 on a large-scale mammogram 
dataset. As models advance, multimodal strategies are 
explored, including multiple imaging modalities such as 
mammograms, ultrasound, and Magnetic Resonance Imaging 
(MRI), to improve the accuracy of breast cancer diagnosis. In 
[14], a multimodal DL framework used mixed mammogram 
and ultrasound statistics, achieving an AUC of 0.95. 
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With the increasing adoption of DL methods in clinical 
applications, their interpretability has become a critical issue. 
Researchers have explored strategies that include saliency 
maps, attention mechanisms, and Concept Activation Vectors 
(CAVs) to offer insights into the feature selection procedure of 
DL models for breast cancer diagnosis [15]. To address the 
challenge of limited labeled data in the medical domain, 
multimodal techniques have been used, in which supervised 
models are first tuned on mammograms or other medical image 
records [16]. Additionally, statistical augmentation strategies, 
including random cropping, flipping, and rotation, are 
employed to increase the diversity of training data and improve 
model performance [17]. Recent studies have explored the use 
of superior DL architectures, including attention-based models 
[18], Generative Adversarial Networks (GANs) [19], and 
federated learning approaches for collaborative model training 
[20]. Furthermore, researchers are investigating the integration 
of DL models with clinical decision support systems and the 
development of end-to-end breast cancer diagnosis pipelines 
[21]. 

II. MATERIALS AND METHODS 

A. Computer Aided Diagnosis (CAD) Methods 

There are two essential categories of image diagnostic 
support systems. The first is based on medical observation, 
where the radiologist intervenes in the interpretation of the 
results and the decision. The second type combines image 
processing with AI [22]. The proposed non-invasive strategy 
uses real-time images and AI to detect and classify images 
according to a pre-established database. Such systems aim to 
provide radiologists with confidence in their decisions 
regarding the characterization of a detected lesion as malignant 
or benign. Figure 1 shows the automatic detection of suspicious 
areas and the localization of potentially identified lesions. After 
the first step of image acquisition and editing, a preprocessing 
stage is used for filtering and end cropping, followed by 
segmentation based on the detection of suspect lesion regions. 
Feature extraction is used to feed the CNN classifier, which is 
very important because it is responsible for the final decision. 
The evaluation stage uses classification metrics to assess the 
detection results and determine the reliability of the system. 

 

 
Fig. 1.  CAD algorithm. 

B. Dataset 

This study used a large, multi-institutional dataset 
comprising mammograms, images, and clinical data from 
breast cancer screening and diagnostic centers. The dataset 
involves data collected from the Digital Database for Screening 
Mammography (DDSM), which is a collaborative effort 
involving the Massachusetts General Hospital, the University 
of South Florida, and Sandia National Laboratories [23]. This 
database consists of mammography images of the right and left 
breasts taken in two planes, the MLO (medial-lateral oblique) 
and CC (caudal) planes. The DDSM consists of 2500 cases of 
mammographic images. The acquisition was performed with an 
oblique position relative to the breast for MLO and a horizontal 
position for CC. Clinical information about patients, such as 
acquisition date, age, and breast tissue density, was also 
collected. The database contains approximately 2500 cases of 
healthy and pathological patients. Each case includes two 
images of each breast, as well as certain patient (age at the time 
of the study, ACR breast density index, subtlety of anomalies 
index, description of anomalies by ACR keywords) and image 
(scanner, spatial resolution) information.  

TABLE I.  DDSM DATABASE 

AI operations Normal cases Cancer cases 

Training 800 800 
Testing 150 150 

Validation 50 50 
Total 1000 1000 

 
In the database, 400 cases, 300 for training and 100 for 

testing, represent three types of breast cancer: mass lesion, 
microcalcification, and architectural distortions. Since this 
study examined only one type of cancer, the number of cases 
was reduced. 

C. Image Segmentation 

Iterative segmentation methods are based on the use of 
Regions Of Interest (ROI), chosen either manually or 
automatically, as illustrated in Figure 2. These ROIs designate 
the regions within the image to be segmented. Based on 
similarity measures, each region is compared to its immediate 
spatial neighborhood [24]. Considering the regions obtained, 
the process is iterated until the regions likely to be merged are 
exhausted [25]. 
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D. Feature Extraction 

After segmentation, relevant features, such as texture, 
shape, and density, are extracted from the identified regions. 
These parameters, combined with the preprocessed images, 
form a structured dataset [26]. This set of parameters serves as 
the input layer parameters for the neural network. An 
appropriate CNN classification model is selected for training 
on this set. Training includes model validation and tuning, 
including hyperparameter optimization, to improve 
performance. Finally, the model is integrated into the clinical 
workflow, allowing radiologists to effectively use the 
diagnostic support system for a faster and more accurate 
evaluation of mammograms. A continuous feedback process, 
with the collection of feedback from healthcare professionals, 
contributes to the continuous improvement of the model by 
integrating new data and adjusting the algorithms if necessary. 
The use of DL algorithms, particularly CNNs, is effective for 
mammography image classification due to its ability to learn 
complex patterns from the data. 

E. Proposed DL Architecture 

The proposed CAD tool employs a CNN to analyze 
multimodal data. The CNN architecture, shown in Figure 3, 
consists of a feature extraction backbone and several task-
specific heads for mammogram analysis and clinical data 
processing. Feature extraction is performed using a pre-trained 
ResNet-50 model that was fine-tuned on mammograms. The 
task-specific heads were designed to capture modality-specific 
patterns and consisted of several convolution and Fully 
Connected (FC) layers. The backpropagation algorithm was 
used to train the neural network.  

 

 
Fig. 2.  Segmentation principle. 

 
Fig. 3.  Structure of a CNN classifier. 

F. CNN Classification 

CNN classifiers have several structures depending on the 
multiple layers, such as VGG 16 and Resnet 50, composed of 
input, convolution, pooling, FC, and output layers, as 
illustrated in Figure 4. ResNet50 has 50 layers, which allows it 
to learn complex hierarchical features from input data. This 
depth enables it to capture patterns and nuances in 
mammography images, which are crucial for accurate 
classification tasks. Furthermore, ResNet-50 includes the 
concept of residual or skip connections, which mitigate the 
vanishing gradient problem commonly encountered in deep 
neural networks. These skip connections facilitate the flow of 
gradients during backpropagation, enabling more efficient 
training and convergence. Another key advantage of ResNet-50 
is its ability to effectively combat overfitting, a common 
challenge in DL models. Skip connections in ResNet-50 
promote feature reuse across different layers, effectively 
preventing the model from memorizing noise in the training 
data and promoting better generalization to unseen data. In 
general, CNNs have three types of layers: convolution, pooling, 
and FC layers. Figure 4 provides a detailed description of the 
Resnet50 architecture and operations. The convolution layer 
performs the calculation operations and is made up of the input 
data, a filter, and a feature map. The grouping or pooling layer 
is a subsampling layer that reduces the dimensionality and the 
number of input parameters. To do this, a filter on the entire 
input or an aggregation function with the values of the 
receptive field can be used, thus filling the output matrix. There 
are two main types of pooling: Max pooling and average 
pooling. Finally, in the FC layer, each node in the output layer 
connects directly to a node in the previous one. Therefore, this 
layer can perform classification based on the features extracted 
from the previous layers and their different filters. Convolution 
and pooling layers tend to use ReLU activation functions, and 
FC layers typically exploit a softmax activation function to 
classify inputs appropriately, resulting in a 0 to 1 probability. 

In this work, breast cancer detection was implemented with 
a dataset of mammography images using Python, TensorFlow, 
and Keras. TensorFlow is an open-source machine learning 
framework developed by Google. This tool enables the training 
and deployment of CNNs for image classification tasks. Keras, 
a high-level neural network API, complements TensorFlow by 
providing a simplified interface for building and training DL 
models. Its intuitive design and abstraction layers make it easy 
to prototype and experiment with different network 
architectures, allowing rapid iteration and refinement of the 
detection system. The dataset contains many annotated 
mammography images, along with the corresponding ground 
truth labels that indicate the presence or absence of cancerous 
abnormalities. 



Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 24885-24890 24888  
 

www.etasr.com Miled & Cherif: Early Breast Cancer Detection Using Deep Learning Classification 

 

 
Fig. 4.  CNN-ResNet 50 architecture. 

G. . Evaluation Metrics 

The performance of the proposed model was evaluated 
using precision, recall, sensitivity, specificity, error rate, 
accuracy, and F1-score. 
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where �5  denotes the number of cases estimated as true 
positive, �5  denotes the number of cases estimated as false 
positives, �6  denotes the number of cases estimated as false 
negatives, �6  denotes the number of cases estimated as true 
negatives, and �7�89 is the sum of all cases (�5 : �6 : �5 : �6). 

III. RESULTS 

A. Graphical Interface 

A graphical interface was designed for processing and 
diagnosis. The initial step involves filling out a form with the 
patient's name or code, followed by her age. Subsequently, the 
user selects whether the mammography image was taken from 
the right or left side, along with its acquisition type. Finally, the 
density is selected to differentiate between milk-producing 
lobules or tumors. When the program is running, a window 
displays four images, as illustrated in Figure 5: the original 
image, the image identified representing the regions of interest 
by threshold segmentation, the segmented image indicating the 
location of the tumor, and the classified image showing the 
class it belongs to. Additionally, the program provides 
classification reports. This graphical interface serves as a 
comprehensive tool for early diagnosis, allowing healthcare 
professionals to input essential patient information and receive 
detailed diagnostic results. The form fields are strategically 
designed to capture key patient attributes, such as name/code 
and age, which are crucial for accurate diagnosis and tracking 
of patient history.  

The consideration of breast density in the diagnostic 
process is vital, as it helps differentiate between normal breast 
tissue and potential tumors, contributing to more accurate and 
reliable diagnoses. The identified image, produced through 
threshold segmentation, highlights regions of interest within the 
mammography image, guiding healthcare professionals to areas 
that require closer inspection. The segmented image accurately 
delineates the location of any detected tumors within the breast, 
facilitating targeted treatment planning and intervention. 
Finally, the classification image shows the categorization of the 
detected abnormalities, providing information for treatment 
decision-making and prognosis assessment. 

B. Metrics and Validation 

In addition to visual outputs, the program offers 
quantitative metrics, including learning curves, classification 
reports, and accuracy scores, which provide assessments of the 
diagnostic process's performance. These metrics enable 
healthcare professionals to evaluate the efficacy of the CAD 
algorithm and make informed decisions regarding patient 
management. Figure 6 shows the evolution of the error rate 
across epochs. The training losses were around 5%, whereas 
the test error rate reached 14%.  

C. Classification Indicators and Confusion Matrix 

The CAD dashboard offers also a table of results containing 
all indicators and the confusion matrix, as illustrated below in 
Figure 7. The following confusion matrix is an example of a 
case study conducted on 144 cases but with only l14 cases 
retained after processing and feature extraction due to the 
quality of certain images or incompatible recording and coding 
formats. The values show that only 2 cases are false detected 
there are no false negative cases, which gives an accuracy of 
more than 98%. 
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Fig. 5.  Example of a patient with breast cancer with micro-calcification. 

 
Fig. 6.  Training and validation error rates. 

 
Fig. 7.  Confusion matrix. 

TABLE II.  COMPARISON OF PERFORMANCE INDICATORS 

Reference Precision Recall Accuracy F1-score CNN 

[27] 76% 69% 75% 75% VGG16 
[28] 98% - 97% 94% TTCNN 

This study 98% 92% 96% 95% Resnet50 

 

IV. DISCUSSION 

The proposed breast cancer diagnosis system achieved an 
overall accuracy of 96% in the detection of malignant lesions 
using DDSM data. The CNN-based classification system 
achieved a sensitivity of 93%, indicating a high rate of correct 
identification of cancer cases while maintaining an acceptable 
specificity of 90%. Compared to traditional CAD systems, the 
proposed DL approach significantly improved diagnostic 
performance. The model's segmentation mechanism was 
effective, allowing it to adaptively focus on relevant features 
such as microcalcifications and irregular mass shapes. The 
proposed DL system demonstrated the potential to significantly 
improve early breast cancer detection accuracy, leading to 
better patient outcomes and fewer unnecessary biopsies. 
Furthermore, integrating clinical risk factors into CNN input 
layers could increase disease diagnosis rates and precision. The 
results of the proposed model were compared with other 
research studies using the same DDSM database for the 
detection of breast cancer, as shown in Table II. 

V. CONCLUSION 

This study presented a CAD tool for early breast cancer 
detection and diagnosis using a CNN. The system uses a pre-
trained CNN (ResNet50) applied to a large dataset of 
mammograms and clinical data from DDSM to identify visual 
characteristics associated with malignant and benign lesions. 
The proposed DL method showed good efficiency in detecting 
small lesions and calcified regions. However, it faces 
limitations in detecting lesions in dense breasts and its 
sensitivity to imaging artifacts. To overcome these issues, 
multimodal approaches can be adopted by combining 
mammographic data with ultrasound and MRI images. The 
main contribution of this approach is the potential to detect 
early breast cancer disease and microcalcifications, reducing 
the need for expensive, invasive, and painful chemical 
treatments. 
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