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The current work investigates the application of deep learning methodologies for detecting and classifying tumors
in mammograms. A comprehensive analysis was conducted by evaluating various pre-trained neural network
architectures to identify the model that delivers optimal performance. Among the tested architectures, Residual
Neural Networks and Densely Connected Convolutional Networks were explored extensively. Data preprocessing,
including data augmentation, was a critical step due to the limited availability of public medical imaging datasets.
This process ensured diversity in the data and improved model robustness. This paper evaluates deep-learning
models for mammogram tumor detection. Experiments without the AdamW optimizer and horizontal flip showed
overfitting and low precision (below 40%). Densely Connected Convolutional Networks achieved high precision
but exhibited overfitting with noisy validation loss curves. Adding AdamW and horizontal flip reduced overfitting
but lowered overall performance. In classification, the model detected tumors in 9 out of 16 images, showing
potential but requiring improvement. The model’s ability to detect calcification tumors enhances robustness.
YOLO network metrics were modest, reflecting the task’s complexity, but results were acceptable for tumor
classification challenges.

� 2026 University of Al-Qadisiyah. All rights reserved.

1. Introduction

Breast cancer is the cancer with the highest mortality rate in the female
population worldwide [1]. According to the WHO data in 2023, Iraqi women
were diagnosed with this disease, thus becoming the second cancer with the
highest incidence in our country [2]. It is estimated that 1 in 8 Iraq women
will be diagnosed at some point in their lives [3] Survival depends largely on
the stage of the tumor. According to Rawla et al (2019) [4], survival in stage I
is more than 98%, however in stage IV survival drops to 24%. Therefore, early
detection is essential for a good prognosis, thus using less invasive therapies
and achieving a better quality of life for patients. The main medical test for
detecting this cancer is mammography. As presented in the literature [5], more
than 65% of the female population over 40 years of age have had at least one
mammogram in the two years following 2017. Numerous clinical trials [6]
have shown that this diagnostic technique reduces the mortality rate by 20% to
35%. However, it is not a test with 100% reliability. According to the work of
Mao et al. (2024) [7], 20% of patients who underwent a mammogram received
a false positive, which means having to perform more invasive medical tests
to confirm the initial diagnosis. On the other hand, as presented in Moshina
et al (2024) [8], around 35% of breast cancer cases are false negatives. This
allows the disease to progress without being treated earlier, thus increasing
the patient’s risk of mortality. In short, mammography is a very valuable tool

in the early detection of breast cancer, but it has several limitations.

1.1 Review of literature
In the work Tasnim et al. (202) [9] carried out, a Convolutional Neural Network
(CNN) model has been developed using the MobileNetV2 classifier to detect
cancer cells in the colon. In the article presented by Adyasha Sahu, In the
article proposed by Kavyashree et al. (2022) [10], work is presented in which
different pre-trained Densely Connected Convolutional Networks (DenseNet)
models are used to detect and classify oral cancer in images. In addition, a
CNN is developed that has four convolutional layers, and three maximum
pooling layers, and uses the ReLU activation function, the binary Crosentropy
loss function, and the Adam optimization algorithm. The work presented by
Ankita Sinha et al. (2023) [11] proposes a breast cancer detection model based
on the regions of interest in the images. In it, they use the Residual Neural
Network (ResNet) architecture, specifically the pre-trained models ResNet18
and ResNet50. In addition, transfer learning is used to obtain more precise
results. To do this, the additional layers of ResNet are eliminated. Instead, a
fully connected layer and a dropout are included where parameters are random-
ly removed. A ReLU activation function follows this. In the following work,
Samantha et al. (2023) [12] carried out in which different YOLO models were
used to detect tumors. In developing the work, The work with the pre-trained
models YOLOV 6, YOLOV 7, and YOLOV 8.
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Nomenclature
CAD Computer Assisted Diagnosis DL Deep Learning
CBIS Curated Breast Imaging Subset of DDSM MIAS Mammographic Image Analysis Society
CNN Convolutional Neural Network MLO Medio Lateral Oblique
CSV Comma-Separated Values ResNet Residual Neural Network
DDSM Digital Database for Screening Mammography RGB Red, Green, Blue
DenseNet Densely Connected Convolutional Networks ROI Region of Interest

The latter, in particular, has high performance thanks to its advanced architec-
ture, high efficiency, computing time, and the variety of pre-trained models it
offers. Regarding development, the Roboflow library is used to generate data
augmentation. Adyasha Sahu et al. (2024) [13], work is presented they use
three pre-trained network models for detecting breast cancer using clinical
images. Specifically, they combine the AlexNet, ResNet and MobileNetV2
models to achieve optimal results. Recent evolutions in DL techniques [14] are
improving image classification accuracy. Algorithms based on CNN [15] app-
lied to tumor detection are achieving great success in this area. Similarly, they
present a more efficient method with a lower monetary cost. CNNs can replace
the learning algorithms used to locate abnormal regions in Computer Assisted
Diagnosis (CAD) images [16]. Their ability to maintain the spatial characte-
ristics of the image makes CNNs ideal for mammography analysis [17]. The
novelty of this paper resides in its Region of Interest (ROI)-focused analysis,
which shows that training on clipped tumor patches improves model precision,
with ResNet surpassing DenseNet. It combats data scarcity by utilizing data
augmentation and preprocessing to ensure diverse and robust training. The
entire experimental framework, which includes four scenarios with 100 epochs
each, demonstrates the impact of design decisions and overfitting. The paper
underlines the importance of task-specific architecture design and suggests
further research to extend datasets, integrate other medical pictures, and use
transfer learning to improve tumor detection in mammography. Based on the
above importance, the work aims to identify which architecture provides the
most optimal results for this task. Despite not achieving the best performance,
YOLO was included as part of the broader analysis to evaluate its potential in
tumor detection.

2. Methodology
The following section delves into the different resources used throughout the
development of the work. These include both the software tools and the dataset
and the different architectures used in the experiments.
CNN: Convolutional neural networks (CNNs) are the most commonly utilized
architectures in DL [18, 19]. This is because of how well it finds and learns
features from the network input photos. The Convolutional Layer, Grouping
Layer, Activation Layer, Flattening Layer, and Fully Connected Layer are the
layers the network architecture builds upon and applies to its internal structure.
DenseNet: Another alternative within CNNs that does not present connectivi-
ty between sequential layers is the DenseNet architecture. Zhu and Newsam
(2022) [20] propose a dense connection between the layers of the so-called
dense blocks. This is achieved by connecting each current layer with the input
to the following layers in the block. This way, a model that suffers less overfit-
ting is obtained the compactness.
ResNet: The main problem encountered with high-depth neural networks is
the gradient’s disappearance [21]. This problem is based on the fact that as the
network training progresses, the values of the gradients decrease significantly.
This decrease occurs in the backpropagation algorithms’ weight update phase.
All of this results in the deeper layers of the network being unable to update
the weights correctly. This is what causes most deep networks not to obtain
the expected results. On the other hand, another problem when the layers of
neural networks are increased is that the precision stops rising and may even
decrease. All this has shown that increasing the depth of the network does not
imply a better model obtained Fig. 1 and Fig. 2. Consequently, the ResNet
model is presented in the article proposed by He et al. (2022) [22]. This is a
ResNet model. In it, the connections of the layers are designed without follo-
wing linearity. In this way, this concept abandons the traditional connection
of CNN layers presented in Fig. 1. The residual connections proposed by this
architecture are based on adding the input of the residual block with the output
of the block itself, this process is seen in Fig. 2. The formula for this operation
is set out in Eq. 1.
YOLO: YOLO is a region-type neural network which is capable of classifying
and detecting objects in the image in a single pass. To do this, the image is
divided into a series of grids [23]. For each cell, the probability that each object
present belongs to each class of the problem is predicted. Its architecture is
formulated from a simple CNN. For the detection phase, convolutional layers

are applied, which are responsible for extracting the most significant features
of the image. These layers are followed by the fully connected layers, which
calculate the classification. The network architecture is presented in Fig. 3.
YOLO stands out above all for its ability to detect objects of different sizes and
shapes. Likewise, it stands out that its computing time decreases compared to
other types of CNN.

Figure 1. Linear connections of the layers of a CNN.

Figure 2. ResNet Residual Block Structure [24].

Figure 3. Architecture of the YOLO neural network [25].

2.1 Dataset
Regarding the dataset used for the development of the work, the Curated Breast
Imaging Subset of DDSM (CBIS-DDSM): Breast Cancer Image Dataset [26].
This is an extended version of the Digital Database for Screening Mammo-
graphy (DDSM). In this dataset, there are a total of 10,237 mammography
images, obtained from 1,566 participants. Three types are distinguished among
them; the complete mammograms, the cropped images in the area of interest
and finally the segmented ROI images. You can see the different images in
Fig. 4. Therefore, both a cropped image and an ROI image are obtained from
each complete mammogram. Thus, the total number of images of each type
is expressed in Table 1. In this way, the dataset has 3 classes for tumor clas-
sification Malignant (48.3%), Benign (43.8%) and Benign without call back
(7.9%). For greater simplification of the data, in this work, the benign and the
benign without callback will be unified into the same class. Furthermore, in the
dataset the tumors are separated by the type of pathology, these being tumor
calcifications and tumor masses. However, in this work, all the experiments
carried out have been carried out with data belonging to tumors originating
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from a mass. Therefore, the data set provides two different types of Comma-
Separated Values (CSV) files, those referring to information on breast tumor
masses and those on calcifications.

Table 1. Number of images of each type of class.

Image type No. of samples
Complete mammogram 2856

Cropped 3557
ROI 3237

Invalid 576

Regarding the information provided by the CSV files of the tumors coming
from the mass, the following data is provided:

2.1.1 Breast Density
They have 4 types; those with fatty density, disseminated fibro angular, hetero-
geneously dense and extremely dense.

2.1.2 Side of the Breast
Provides information about which breast is the one in the mammogram.

2.1.3 Image View
Referring to the two types of breast projections performed in the medical test.
The Medio Lateral Oblique (MLO) is where the image is captured from an
oblique view of the chest [27]. On the other hand, there is the Craniocaudal
(CC) where the chest is compressed between two plates.

2.1.4 Type of Anomaly
mass or calcification. In each CSV it will correspond to a type, the ones used
in this work have been the mass CSV so this field is always mass.

2.1.5 Shape of the Mass
The mass classified as prickly occurs where the edges of the mass are irregular.
The circumscribed, on the other hand, are the masses that have defined and
rounded edges. The poorly defined type where the edges cannot be seen cor-
rectly. Those are hidden either by breast tissue or by the mammogram itself.
Finally, the micro-lobed ones have lobes on the edges of the mass.

2.1.6 Pathology
malignant, benign and benign without a callback.

In this work, by only focusing on the task of tumor classification for the de-
tection of breast cancer, only information regarding the pathology has been
used. Thus, this field has been used as the labels of each image with which
the network has been trained. Therefore, as explained previously, the dataset
used in this work covers various information regarding the tumors present in
mammograms. This gives it great potential since it can be used for different
purposes than those chosen in this work. Although the dataset is made up
in most cases of images from the CBIS-DDSM, in some experiments other
images have been included. These are images extracted from the Mammogra-
phic Image Analysis Society (MIAS) data set, Suckling et al. (2015) [28]. This
has a total of 322 images with tumor masses, calcifications and benign masses.
The highlight of this work is that images are also provided where the breast
does not have any tumor.

(a) Complete Mammogra-
phy

(b) Cropped mammogram (c) Segmented ROI

Figure 4. Dataset images of three set.

3. Development of the work
In the following section, all the steps carried out in the development of the
work will be explained. Fig. 5 shows graphically the stages that make up the
work. As presented, first the detailed work of the dataset is carried out. When
training neural networks, a thorough understanding of the data with which you
are going to work is essential. In this way, more suitable models are obtained.
Subsequently, the preprocessing of said data is carried out. This guarantees
that all images that enter the network have the same format characteristics. In
addition, the training of the model is optimized. Once the appropriate data is
available, and move on to training the neural network. This training provides a
resulting model to which an evaluation must be carried out in order to obtain
information about its operation.

Figure 5. Diagram of the work stages.

3.1 Extraction of paths and labels from images
This process has been expensive due to different issues. Firstly, it was necessary
to carry out exhaustive work on the different CSVs provided in the dataset.
This had 5 types of files:

• Dicom: in this CSV, all the information regarding the medical image
is presented, such as the paths to the images in Dicom format. In this
case, the path to the images in jpeg format has also been considered
significant.

• Mass Test: the same information explained in the CSV mass train is
provided.

• Calc Train: information is provided regarding the breast density, breast
side, image view, and type of anomaly fields; it has personalized infor-
mation on the type of tumor due to calcification. Information is provided
on the type of calcification and its distribution.

• Calc Test: the same information is provided as in the CSV calc train.

In this case, only the Dicom, Mass Train and Mass Test files have been used
since, as mentioned above, only the images of mass tumors have been used.
The path to the JPEG images is extracted from the Dicom file for further pro-
cessing. To obtain the labels of each image, the information located in the Mass
Train and Mass Test CSV is needed. Therefore, the difficulty lies in knowing
which label should be chosen for each image. To this end, the problem has
been addressed in the following way. A certain part of the path to the images
in dicom format has been extracted. This part of the chain is also present in the
path to the images in JPEG format. Subsequently, the dicom file was searched
for the correspondence between this specific string and the paths to the JPEG
images. In this way, the relationship between each row of the dicom and that
of the mass is established. Likewise, it is possible to obtain, on the one hand,
the path to the image, from the dicom file, and the label of the image from the
mass file. This entire process has been automated using a Python program and
its procedure can be seen in Fig. 6. On the other hand, it should be said that
the dataset proposes a distribution over the files to be used in both training and
testing. However, it has been decided to merge the images from both CSVs
and subsequently perform a different fragmentation of the data.
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Figure 6. Diagram of the stages of route extraction.

3.2 Pre-processing
The quality of the data used to train neural networks directly influences the
classification capacity of the model. Likewise, correct pre-processing of the
data is capable of reducing the errors obtained in the model, as well as reducing
training time. At the same time, it is possible to generate more robust models
which allows them to be able to work adequately under a variety of conditions,
such as the diversity that exists in the morphology of the breasts. In relation to
the pre-processing of the images of this work, in all the experiments carried
out the following techniques have been used to prepare the input data to the
network.

3.2.1 Conversion to Red, Green, Blue (RGB) color space [29, 30]
Although mammograms are images extracted under a gray scale, it has been
decided to apply this conversion. The reason is that there are a large number of
neural network architectures that are implemented to work with RGB images.

3.2.2 Image resizing [31]
Medical images have a very high resolution due to the need to be able to accu-
rately capture the smallest detail. This generates the need for robust hardware
to be able to process the data during network training. However, by reducing
the dimensionality of the images, in this case to 224x224 pixels, it is possible
to carry out the training in a more computationally efficient way.

3.2.3 Normalization of Pixel Intensity [31]
Normalization of all the pixel intensities of the images has been carried out in
order to ensure that all the data with which the work is in the same range so
that all the characteristics that are detected in the image influence the training
in an equitable way. On the other hand, in certain trained models it has been
decided to increase the data to analyse whether better results are obtained in
this way. To achieve this, the following image magnification techniques have
been applied:

3.2.4 Rotation Transformations
It is useful to rotate the images since in mammograms in most cases the test is
performed from different angles. In this way, the model is encouraged to learn
to classify tumors regardless of their orientation.

3.2.5 Displacement Along the Vertical and Horizontal Axes
In this case a benefit analogous to that discussed in the previous transformation
is provided. Different locations of the breast are proposed in mammography.

3.2.6 Flip Alonge the Vertical and Horizontal Axes
By reflecting the image for the vertical axis, the model obtained may be able
to detect the type of tumor regardless of which breast is present. Regarding
the horizontal axis, it provides an increase in the diversity of the data.

3.2.7 Image Bias
By applying this type of deformation to the image, the objective is to obtain
more robust models against possible alterations in the clinical image. However,
in the model evaluation, it is concluded that not all of these transformations are
appropriate for the data being worked with in the work. This is because many
of them distort the image and/or can cause the tumor to disappear from the
area being analysed, which generates an inadequate model for the classification
task.

3.2.8 Data Augmentation with Rotation, Panning, Zooming, Skewing and
Flipping [32]
The first type of data augmentation that has been proposed is based on applying
the transformations and values of extensive Data Augmentation Transformati-
ons are Rotation (40o), Vertical and Horizontal Scrolling (20%); Zoom (20%)
and Biased (20th).

3.2.9 Data Augmentation with Rotation, Zoom and Flip [32]
In the second type of data augmentation used in the experiments, we chose not
to apply vertical and horizontal displacement. This is because this transforma-
tion could, where the tumor is located at the edges of the image, discard the
tumor from the area of the image to be analysed by the network. On the other
hand, it is chosen to suppress the bias to simplify the training process. The
selected values for the rest of the applied transformations are Rotation (40º)
and zoom (20%).

3.2.10 Image Cropping from the Bounding Box [33]
At the same time, a different pre-processing of the data has been carried out.
This consists of extracting the bounding box of the tumor from the ROI images
provided in the dataset, which are already binarized. In this way, the tumor is
enclosed under the white area, and the rest of the breast is represented by the
black region. With this segmentation, image processing is applied to extract the
coordinates of the pixels of the corners of the bounding box. These coordinates
are used to crop the image of the complete mammogram to focus it on the
area of interest and thus observe if better results are obtained. This process is
detailed in Fig. 7.

Figure 7. Diagram of the stages of the Trimming process with Bounding Box.

3.3 Training of the neural network
In the development of this work, different experiments have been carried out
applying various neural network architectures. In this section the selected
architectures will be explained in detail. CNN network architecture and full
Mammography images The first experiment that has been carried out is the
training of a CNN from the complete mammography images. Since the tu-
mors are small masses, the ResNet network architecture has been used. This
architecture does not suffer loss of information in the data which is crucial
for the task of tumor classification. Among the different pre-trained models
offered by the ResNet architecture, the Inception-ResNetV2 model has been
chosen [34]. This presents a series of improvements in its architecture compa-
red to the original ResNet. Inception-ResNetv2 places the ReLU activation
function before the sum of the residual connections, unlike ResNet which does
it after. This significantly improves the problem of gradient disappearance
during training, as well as achieving more stable models. On the other hand, the
Nesterov Adam optimizer is used. This is an optimizer that tends to converge
faster than others. No other parameters have been established since the already
pre-trained model has been used, which is responsible for predefining them in
its architecture. Apart from the CNN network architecture used, 3 different
types of preprocessing have been applied to the input images. There are 3 types
of data augmentation.

3.3.1 network architecture with Mammography images cropped from the ROI
The second type of training carried out has been done from mammography
images cropped starting from the ROI. In this way, data is provided to the
network that is more focused on the tumor regions of the breast. Regarding
the trained network architectures, experiments have been carried out with two
types of architectures. The first is the InceptionResNetV2 explained previously.
Neither the structure nor the parameters have been modified with respect to
what was used in the previous experiment. On the other hand, we have worked
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with the DenseNet architecture. Of the models present in said architecture, the
DenseNet121 model has been chosen [35]. This is a deeper network model
where a total of 121 layers are present. These are divided into 5 convolutional
layers, 4 dense blocks of 6, 12, 16 and 24 layers respectively. In turn, each layer
of the blocks is made up of two convolutions, which makes a total of 121 layers.
A modification has been added to this model by eliminating the classification
layer established by the pre-trained model. To do this, a flattening layer is
incorporated at the model output to obtain the one-dimensional vector of the
extracted features. Next, a dense layer of 128 neurons and ReLU activation
function are added. This allows the learning of more complex features based
on the output provided by the pre-trained model. Finally, another dense layer
is added but in this case with 2 neurons, one for each class of the problem.
Therefore, this last layer is where the classification of the input images takes
place. In the same way, as it has been used in the ResNet architecture, the
Nesterov Adam optimizer is applied in order to obtain a more appropriate
model.

3.3.2 YOLO
In the experiments carried out with the YOLO architecture, the latest available
pre-trained model, YOLOv8, has been used. Two types of experiments have
been applied to this model. In the first, the network has been trained without a
customized adjustment of the model’s hyperparameters. Once the results were
obtained and analysed, it was decided to use an optimizer to make the results
more efficient and improved. The chosen optimizer is AdamW which is used
to improve the overfitting problem [36]. In the same way, the horizontal flip
parameter is adjusted in order to apply said transformation to the set of images
to increase the data. This is intended to provide robustness to the model since
the tumor can occur in both breasts, which implies that the mammogram can
be oriented towards both sides. Another strategy that has been carried out to
improve the results obtained in the experimentation is to include background
images in the dataset. These are images that contain information related to the
context in which the objects themselves will be detected, but without including
any object in said image. In this case, the background images that have been
used are mammograms in which there is no tumor presence. In this way, the
model learns the characteristics of a breast, and thus, when it is going to learn
about those with a tumor, it can detect them better.

3.4 Model evaluation
In the development of this work, different architectures have been applied,
which leads to analyzing of each model obtained with different metrics. To
evaluate the performance of the models obtained from CNN architectures,
metrics such as accuracy and loss are used, both for the training set and the
validation set [37]. In addition, an analysis of the confusion matrix is carried
out to evaluate the model based on the classification it obtains of the different
classes. Accuracy represents the proportion of all correct predictions, both
positive and negative, over the total predictions made. Furthermore, to carry
out the analysis of the evolution of the YOLO network, another metric system
is used, apart from those mentioned above. To do this, the following metrics
must be explained:
Accuracy: The percentage of instances correctly classified also known as
precision, is the percentage of instances that the classifier predicted correctly.
Corresponds to the rate of correctly classified positive and negative examples.
This metric is calculated according to the following formula, Eq. 1.

Accuracy =
T P+T N

T P
(1)

Precision: Precision is a measure that was originally introduced with the aim
of measuring the effectiveness of a search engine in returning information
considered relevant. In this specific case, precision is the fraction of documents
retrieved by a search engine that are equally relevant. In turn, in the evaluation
of classifiers, precision is defined as in Eq. 2.

Precision =
T P

T P+FP
(2)

Recall: In classifier evaluation, recall, sensitivity and true positive rate (TPR)
have in common the fact that they are defined according to the same formula,
Eq. 3.

Recall =
T P

T P+FN
(3)

F1 score: F1 score measures the effectiveness of a classifier, namely in terms of
precision and recall. It is possible to define an F-Measure that assigns arbitrary

weight to both precision and recall. This measure is known as F1-Measure, sin-
ce it assigns equal importance to these two metrics. The formula for F1-score
(harmonic mean between precision and recall) is as follows, Eq. 4.

F1 score = 2× Precision×Recall
Precision+Recall

(4)

Precision-Recall Curve: Presents the behavior of precision as the recall varies
Average Precision (mAP): Calculates the area under the Precision-Recall curve.
The closer its value is to 1, the better the model will perform. Extracts the
average of correct detections that the model is capable of obtaining. The loss is
defined as the sum of the errors predicted by the model. The higher this value
is, the worse the model performs. On the other hand, the confusion matrix
is a comparative matrix between the real classification values and the values
predicted by the model. This can be seen in Table 2.

Table 2. Example of confusion matrix.

Real Values
Predicted Values True Positive (TP) False (FP)

False Negative (FN) True Positive (TP)

In the same way, graphs have been obtained that show the evolution of said
metrics used during training. This makes it easier to visualize the model’s
learning process and helps detect possible problems such as overfitting and/or
overtraining. Grad-CAM used to CNN models can disclose the particular areas
of mammography pictures that the model focuses on while detecting cancers.
Grad-CAM (Gradient-weighted Class Activation Mapping) is a visualization
technique that identifies image regions that are most important to a CNN
prediction.

4. Results and discussion
An exhaustive analysis of the different architectures applied in the development
of the work is presented. The experiments carried out are divided into:

• Model trained from a CNN architecture using complete mammograms
• Model trained from a CNN architecture using the mammograms crop-

ped in the area of interest where the tumor is located.
• Model trained from the YOLO architecture using complete mammo-

grams

4.1 CNN network architecture with complete mammography
images
In this instance, three experiments have been conducted to assess the model’s
functionality in various scenarios. In the first, full mammography images were
combined with the ResNetV2 architecture. The identical architecture is used
in the second experiment, but the set of photographs first had some data aug-
mented. The third experiment modifies the data augmentation strategies to
acquire an alternative approach. Lastly, an experiment was conducted with
minimum modifications to the transformations’ values to draw conclusions.
Training over 100 epochs has been completed in each of the four situations.

4.1.1 Experiment Without Data Augmentation
It has been possible to verify how the model obtained without increasing the
data has been the one that has given the best performance, reaching a validation
accuracy of 70%. This is set out in Table 3. A high accuracy train value is
observed, very close to 1, which reflects that the model has a high classification
capacity. The accuracy value is lower than that obtained with the training data
set. All this can be observed graphically through Fig. 8, where it is observed
that during training the model adjusts the parameters to try to increase the
accuracy. It can be seen that the accuracy of the training and the validation
have the same trend but lower values are obtained in the validation. This may
suggest that the model is slightly overfitting the training data, but in this case,
it does not lead to very severe overfitting that affects the performance of the
model. In the same way, the model manages to reduce the loss throughout the
training periods. To finish contrasting the results obtained from the model, the
confusion matrix is presented in Table 4. With this, the classification carried
out by the model for each class of the data set is observed in detail. A main
diagonal with high values has been obtained, which denotes that the model is
making accurate predictions for each class [38].
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(a) Model accuracy

(b) Model loss

Figure 8. Analysis of model performance, experiment without data augmenta-
tion.

Table 3. Summary of results obtained in CNN architecture and complete mam-
mography.

Experiment Accuracy Precision Recall F1 score
No data augmentation 0.747 0.761 0.777 0.792
With extensive data augmentation 0.716 0.730 0.745 0.759
With data augmentation with Ro-
tate, Zoom, and Flip

0.688 0.701 0.716 0.730

With data augmentation with low
Rotation, Zoom, and Flip

0.716 0.730 0.745 0.759

Table 4. Confusion matrix of the experiment model without data augmentati-
on.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 0.74 (TP) 0.24 (FN)

Real Class: Benign 0.36 (FP) 0.64 (TN)

4.1.2 Experiment With Data Augmentation of Rotation, Scrolls, Zoom,
Skew and Flip
In this second experiment, data augmentation has been carried out in order
to try to improve the results obtained. In order to analyse the behavior of the
model throughout training, the accuracy and loss graphs are presented in Fig. 9.
It shows how the accuracy of the train reaches 100%. However, the actual
operation is verified with the validation test, which reaches approximately
70%. This behavior indicates an overfitting of the model to the training data.

Furthermore, as can be seen in the confusion matrix presented in Table 5, the
results obtained worsen significantly compared to the previous experiment. It
can be analysed how the prediction of the Malignant class remains with a high
value very close to 1, which indicates that the model is capable of correctly
detecting instances of the Malignant class [39]. It is therefore concluded that
the model has a tendency to generalize the Malignant class over the other,
classifying the majority of tumors as belonging to said class. This behavior of
the model is wrong.

Table 5. Confusion matrix of the model with extensive data augmentation.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 0.99 (TP) 0.03 (FN)

Real Class: Benign 0.96 (FP) 0.06 (TN)

(a) Model accuracy

(b) Model loss

Figure 9. Model results with extensive data augmentation.

4.1.3 Experiment With Data Augmentation Rotation, Zoom and Flip
Below are the results obtained in the third experiment carried out where the
network has been trained with a second type of data augmentation. As seen in
the confusion matrix in Table 6, the number of instances of the Benign class
misclassified decreases. Despite this improvement in the model, an increase in
incorrect classification of Benign class tumors is present. In addition to the
confusion matrix, the evolution of the accuracy and loss metrics throughout
training is also represented in Fig. 10. Both graphs show noisy behavior in the
validation metrics, which confirms what was stated by the confusion matrix
that the model obtained has difficulty learning correctly [40]. Furthermore, it
is observed how the validation loss increases instead of decreasing, just as the
training loss does. This behavior of the model denotes an overfitting of the
network.
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(a) Model accuracy

(b) Model loss

Figure 10. Model results with data augmentation with Rotate, Zoom and Flip.

4.1.4 Experiment With Data Augmentation with Low Rotation, Zoom and
Flip
The results of the network with the data augmentation are presented below
in Fig. 11, and in the confusion matrix as Table 7. It is observed that the
correct and incorrect classification of the Malignant class are level, which is
a slight improvement compared to the previous experiments where the data
augmentation technique was applied. However, there is still ample room to
obtain more precise classification metrics [41].

Table 6. Confusion matrix of the experiment model with data augmentation
with Rotation, Zoom and Flip.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 0.47 (TP) 0.71 (FN)

Real Class: Benign 0.14 (FP) 0.90 (TN)

Table 7. Confusion matrix of the experiment model with data augmentation
with low Rotation, Zoom and Flip.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 00.57 (TP) 0.48 (FN)

Real Class: Benign 0.26 (FP) 0.76 (TN)

Table 8. ResNet V2 architecture confusion matrix.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 0.79 (TP) 0.17 (FN)

Real Class: Benign 0.19 (FP) 0.79 (TN)

(a) Model accuracy

(b) Model loss

Figure 11. Model results with data augmentation with low Rotation, Zoom
and Flip.

4.2 CNN network architecture with mammography images crop-
ped from the ROI
In this case, two different experiments have been carried out to evaluate the
performance of the model under various conditions. In the first, the ResNet
architecture was used together with the mammogram images cropped from
the bounding box of the ROI images. In the second experiment, the DenseNet
architecture trained with the same type of data as in the previous experiment
has been implemented. In both cases, training of 100 epochs has been carried
out.

4.2.1 Experiment applying the ResNet architecture
The results of the metrics obtained in both the training and validation sets are
observed how the training and validation accuracy values reach close values,
which indicates good behavior of the model since there is no evidence that it is
overfitting the data. However, further checks on the performance of the model
must be carried out before we can conclude how well it is working. To do this,
another way to visualize the behavior of the model throughout training is to
obtain graphs of the metrics during each epoch of training. Figure 12 shows
the detailed behavior of accuracy and loss throughout the training. It can be
seen in the graph of the precision model how the metrics remain distant to a
certain extent, seeing peaks in the validation curve throughout the training. On
the other hand, in the loss model, we see how both curves decrease throughout
training but do not remain with close values, thus denoting a slight overfitting
of the model [42]. To conclude this analysis, the confusion matrix presented
in Table 8 has been obtained. It shows the presence of a main diagonal that
takes high values, close to 1. This indicates a high capacity of the model to
correctly classify both classes belonging to the data with which we are wor-
king. Therefore, even if a small overfitting was obtained during training, the
precision values obtained by the model are considered adequate for this work.

4.2.2 Experiment with applying the DenseNet architecture
To carry out the analysis of this model, the same graphs and parameters have
been obtained as with the ResNetV2 model.
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(a) Model accuracy

(b) Model loss

Figure 12. Performance analysis of ResNetV2 model with cropped mammo-
graphy.

The final values achieved by the metrics of both the training set and the va-
lidation set are observed. High precision values are detected, although these
differ by approximately 0.2, which indicates that the perfect behavior of the
model is not being obtained. In order to observe if there is overfitting, the
graphs of the precision and loss model are displayed to exhaustively analyze
the behavior of the network over the epochs. These graphs are presented in
Fig. 13. In the precision model you can see how the training curve. In the same
way, comparing it with the training curve, which obtains adequate behavior, it
is determined that there is overfitting in the model [43]. The same happens with
the loss model, a noisy behavior is obtained in the validation curve while the
training curve follows an acceptable trend for the model. In order to complete
the analysis of the model’s behavior, the confusion matrix is presented in
Table 9. It confirms the operation of the network, obtaining a low value for
the correct predictions of the Benign class. In this way, it is concluded that the
model obtained has room for improvement for the tumor classification task
[44].

Table 9. Confusion matrix of the DenseNet architecture.

Real Class: Malignant Real Class: Benign
Real Class: Malignant 0.77 (TP) 0.25 (FN)

Real Class: Benign 0.34 (FP) 0.69 (TN)

Table 10. Summary of results obtained in CNN architecture and cropped
mammography with ROI.

Experiment Accuracy Precision Recall F1 score
Cropped mammography + Res-
NetV2

0.852 0.823 0.82 0.872

Cropped mammography + Den-
seNetV2

0.757 0.796 0.783 0.797

(a) Model accuracy

(b) Model loss

Figure 13. DenseNet model performance analysis.

4.3 YOLO architecture with full mammography images
YOLO uses the recall [45], precision and mAP metrics to evaluate the perfor-
mance of the models obtained. The results achieved in the experiments are
presented below.

4.3.1 Experiment without AdamW optimizer and horizontal flip
It can be seen in Fig. 14a how the graphs of the model training in the classifi-
cation and location of the box are not suitable [46]. They denote the presence
of overtraining starting around age 70. On the other hand, it is observed that
the precision does not exceed 40%, which is a low value for the detection of
tumors. The recall is capable of minimally exceeding this 40% but shows that
the model still does not correctly classify a high number of images [47]. The
mAP graphs show that the model is not robust when it comes to detecting
tumors in mammograms.

4.3.2 Experiment with AdamW optimizer and horizontal flip
The strategy of adding optimizer and a transformation has not provided better
results than those already obtained. As can be seen in Fig. 14b, the model gra-
phs improve slightly, reducing the overtraining present in the previous model.
However, it is seen how precision decreases as well as recall and mAP worsen
[48].
On the other hand, examples of images classified by the obtained model are
presented in Fig. 15. It is observed that of 16 images the model is able to detect
tumor in 9 of them. Of those 9 images, it correctly classifies 8. With this, the
results are considered to have a range of improvement but are valued as suitable
results. It should also be noted that the model in some classified samples is
capable of detecting more than one tumor in each image. After a series of
checks, it is concluded that it is because it is detecting calcification tumors
present in the mammogram. This is considered a strong point of the model that
provides robustness to it. On the other hand, Table 10 presents the summary
of results obtained in the training developed with the images cropped from the
ROI. It is observed that the ResNet architecture has been able to increase its
precision compared to the best result obtained with complete mammograms.
Therefore, it is evident that providing images focused on the tumor regions
improves the results. At the same time, in the experiment carried out applying
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(a) Without

(b) AdamW Optimizer and horizontal flip

Figure 14. Yolo model results (a) without and (b) AdamW Optimizer and horizontal flip.

DenseNet, a decrease in precision is observed with respect to what was obtai-
ned with ResNet. Therefore, in this case, the ResNet model is considered more
appropriate. Finally, Table 11 presents the results of the YOLO network [49]
in which notable metrics have not been achieved. However, the final results
presented for the classified images are acceptable within the difficulty of the
task. During the training process, YOLO has been refined to precisely outline
the borders of anomalies. The work also explored detection utilizing YOLO,
a cutting-edge object detection technique. YOLO utilizes a singular neural
network to concurrently predict several bounding boxes and their associated
class probabilities within an image, yielding results that align well with pri-
or studies conducted by other researchers [50–52]. By using Grad-CAM to
the best-performing CNN architectures, researchers can create heatmaps that
emphasize active regions in breast images, improving the interpretability and
reliability of AI-driven breast cancer detection models. The Grad-CAM plot

visualizes the active regions on the breast images, highlighting the areas that
the CNN model focuses on for tumor detection. The heatmap overlayed on
the mammography depicts regions of interest, with warm colors indicating
strong model attention and likely tumor locations as shown Fig. 16. This offers
information about the model’s focus during the detection process.

Table 11. Summary of results obtained in YOLO architecture and complete
mammography.

Experiment Accuracy Precision Recall F1 score
YOLO without AdamW Optimi-
zer and horizontal flip

0.343 0.326 0.394 0.372

YOLO with AdamW Optimizer
and horizontal flip

0.324 0.312 0.371 0.329
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(a) Without AdamW

(b) horizontal flip

Figure 15. Results obtained in the YOLO architecture with AdamW optimizer
and horizontal flip.

Figure 16. Gradient-weighted Class Activation Mapping (GRAM-CAM)
image.

5. Conclusions
In the development of this work, different DL methodologies [53–55] have
been implemented for the detection and classification of tumors in mammo-
grams. To achieve this, various experiments have been carried out applying
different neural network architectures. To achieve the main objective, work on
the current applications of DL in tumor detection has been carried out. In this
way, those neural network architectures that a priori provide the best results
have been chosen. One of the great challenges of this work has been obtaining
and pre-processing the data set. The scarcity of public medical images has
been a great handicap when collecting data. In turn, this process has included
the use of data augmentation techniques in order to improve the robustness
of the models. This entire process has taken a remarkable amount of time.
However, it has been essential to guarantee the diversity of the data used. After
the preprocessing phase, the training of various neural network models has
been carried out. The strategy of using multiple architectures has allowed us
to compare the performance of each one and determine the most appropriate
model for this task. After having exhaustively evaluated the results obtained in
the different experiments, it is concluded that there is room for improvement.
The existence of overfitting has been present in several of the models obtained.
The precision of the results in the detection of tumors should not give rise to
error since this would lead to errors in the diagnoses. In order to obtain an
improvement in the results achieved, the following lines of future work are
proposed.

• Increasing the dataset & the use of other types of medical images other
than mammograms is also being considered.

• The training of the models is proposed with the data provided by the
dataset of tumors from calcifications.

• It is also proposed to be able to apply different architectures to those
already exposed in this work.

• Transfer Learning is proposed to apply transfer learning techniques,
thus increasing the performance provided by the pre-trained models.
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