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3 Departamento de Informática, Deinf, Campus Dom Delgado, UFMA, Av. dos

Portugueses, 1966 - Vila Bacanga, São Lúıs, MA 65080-805, Brazil
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Abstract. Breast cancer is a neoplasm that mainly affects women above
the age of 45. However, an increase in the incidence of this disease among
young women has been observed. Although it is considered a cancer
with a good prognosis when diagnosed early, early detection remains
a challenge. In Brazil, the mortality rate due to breast cancer remains
high, which is directly related to the late diagnosis of the disease. To
contribute to the reduction of this rate, the development of effective
early detection techniques is essential. These techniques can assist in
diagnosing the disease at its initial stages, enabling quicker treatment
and thereby increasing the chances of a cure. Computer-aided detec-
tion and diagnosis systems have been developed and improved in the
field of computing. These systems base their accuracy and reasoning
on data obtained through a combination of computer vision techniques,
such as pattern recognition and machine learning. When applied, these
techniques assist doctors and specialists in data analysis to provide diag-
nostic support and treatment planning. This significantly enhances a
patient’s chances of recovery. More recently, within the machine learning
field, Deep Learning has become a prevalent focus of research due to its
ability to automatically extract relevant features for the target task. In
this work, the methodology proposed employs Convolutional Neural Net-
works for machine learning. While the results obtained are not superior
to those in the literature, they are close and generally require fewer com-
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putational resources for training the selected networks after the selection
process.

Keywords: Classification · Breast Cancer · Deep Learning

1 Introduction

1.1 Motivation

Cancer is the generic term for a set of more than a hundred diseases that share
two basic characteristics: the ability of neoplastic (cancerous) cells to reproduce
uncontrollably, forming tumors and potentially invading adjacent organs and
tissues, and the ability to spread to distant organs and tissues from the original
tumor, a process known as metastasis.

Fig. 1. Image of Benign and Malignant Cancer Cells, adapted from [32]

Breast carcinoma is a diverse disease, displaying wide variation in both its
morphological and molecular characteristics, as well as responding variably to
clinical treatment [19]. Early diagnosis and timely treatment are essential for a
good prognosis and patient recovery. The earlier the diagnosis, the more effective
the treatment.

The final diagnosis present in the anatomopathological report is issued by
the pathologist through the microscopic analysis of tissue samples obtained by
biopsy, also known as histopathological imaging, and additionally, from the sur-
gical specimen. Examples of histopathological images can be seen in Fig. 1. This
report should contain essential information, such as the histological subtype and
the degree of tumor differentiation [18]. One of the main challenges during the
analysis of histopathological examinations is related to the high demand for diag-
noses, which is exacerbated by the limited availability of specialized doctors to
perform this task. This scenario contributes to delays in diagnoses, as the pro-
cess requires concentrated effort and can lead to professional fatigue, resulting
in potential errors.
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Biopsy is a procedure used to acquire histopathological images, and the pro-
cess involves collecting a tissue sample from the affected area of the breast [4].
Subsequently, this collected sample is carefully examined under a microscope to
identify and classify the nature of the tumor. Although it is a relatively invasive
procedure, and there are different methods for breast cancer detection, biopsy
is the only way to confidently diagnose whether cancer is truly present. For this
reason, histopathological diagnosis is considered the gold standard for the clin-
ical diagnosis of cancer [1]. Among biopsy techniques, the most common ones
are fine-needle aspiration, core needle biopsy, vacuum-assisted biopsy, and open
surgical biopsy (SOB) [32].

1.2 State-of-the-Art

Deep learning is a subfield of artificial intelligence that has revolutionized the
ability of machines to learn and understand complex patterns. It utilizes deep
neural networks to perform sophisticated tasks in analysis and decision-making.
Authors such as Srinidhi et al. [33] and Van der Laak et al. [21] discuss the
impact of these techniques and how they have become the most popular area in
histopathological image analysis in recent years due to their high capacity for
automatic feature extraction. In general, both works categorize deep learning
networks based on the type of learning they rely on, which includes supervised
learning, weakly supervised learning, unsupervised learning, and transfer learn-
ing. In this section, we will focus on supervised learning and transfer learning
techniques.

In supervised learning, learning occurs in the form of a function that learns to
map an input to an output based on pairs of input-output examples [25]. Typi-
cally, classification techniques for this type of learning will either work with clas-
sifying patches, small pieces of images, to classify the entire image, or they will
work with the whole image for classification. These techniques can range from
simple Convolutional Neural Network (CNN) architectures [7] to more complex
models [22]. The models traditionally used for image classification can be seen
in the field of histopathological images, such as VGGNet [31], InceptionNet [35],
ResNet [38], and MobileNet [14].

The main objective of transfer learning is to transfer knowledge from a source
domain to a target domain. This strategy relaxes the assumption that the test
and training groups must be autonomous and evenly distributed. In the field of
histopathology, knowledge transfer is often performed using pre-trained models
from the ImageNet dataset, and notable works include [11], [17] and [20].

Several researchers have explored methodologies to enhance feature extrac-
tion quality in neural networks. For example, Umer et al. [39] employ transfer
learning and machine learning techniques to validate a feature vector. In another
study, Ibraheem et al. [16] propose the 3PCNNB-Net, a network comprising three
parallel CNN branches designed to optimize information extraction and feature
fusion. In Chhipa et al. [5], an unsupervised approach called MPCS is used
for representation learning in histopathological images, resulting in high cancer
classification accuracy on the BreakHis dataset. In Seo et al. [29], a more image
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processing and feature extraction-based approach combined with the Support
Vector Machine (SVM) classifier is proposed. The proposed method involves
dividing histopathological images into patches, and for each magnification level,
Parameter Free Threshold Statistics (PFTS) features are extracted and classi-
fied by the pdMISVM (Primal-Dual Multi-Instance Support Vector Machine)
classifier. The reported accuracy on the BreakHis dataset in the cited works is
respectively 97.14%, 92.70%, 92.15%, and 89.8%.

Finally, Saini et al. [26] propose a Deep Learning architecture involving trans-
fer learning based on VGGNet. The proposed architecture adds dense, batch
normalization, dropout, and flattened layers to VGGNet, as well as an Inception
block. The network is pre-trained on the ImageNet dataset, and a refinement
step, similar to that done by [5], is performed on the BreakHis dataset. The
reported accuracy on the dataset is 96.81%.

2 Deep Learning Models

In this section, we will briefly discuss the architectures that have achieved the
best performance in the proposed methodology. MobileNetV2 [27] is an evolution
of the MobileNet architecture [14], improved for better efficiency and represen-
tation capacity. It introduces enhancements such as the Bottleneck Residual
Block, inspired by ResNet [12], which captures residual information, and the
Inverted Residual Blocks, which effectively expand and reduce the dimensions
of intermediate representations, as seen in Fig. 2.

Fig. 2. Architecture of mobileNetV2 adapted from [28].

The network also uses Linear Bottleneck layers to increase flexibility and non-
linearity, along with Squeeze and Excitation (SE) Activation Filters, which are
used to enhance crucial information by modeling dependencies between feature
channels.

The central idea of EfficientNetV2 [37] is to improve training speed while
maintaining parameter efficiency, which is associated with the ability to achieve
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good results with a smaller number of parameters. The EfficientNetV2 introduces
several modifications compared to EfficientNet [36], as seen in Fig. 3, including
the use of new types of blocks, a combination of MBconv and fused-MBConv [10]
adjustments in expansion rates and kernel sizes, and the removal of the stride-
1 step. These changes are made to enhance the efficiency and performance of
the architecture [37]. We can see the structure of MBConv and FusedConv in
Fig. 4.

Fig. 3. Architecture of EfficientNet-B0 with MBConv as Basic building blocks, adapted
from [2].

Fig. 4. Architecture of MBConv and FusedConv, adapted from [37].



228 L. F. R. Pereira et al.

Inception-v3 [34] is a variant of Inception-v2 that incorporates the concept
of BN-auxiliary. This term refers to the version where the fully connected layer
of the auxiliary classifier is also normalized, extending beyond just the convo-
lutions. In this context, the combination of Inception-v2 with BN-auxiliary is
called Inception-v3, representing an evolution in the original architecture. Addi-
tionally, Inception-v3 also incorporates the idea of Reduction Modules between
these Inception modules. The reduction modules employ larger convolutions,
such as 3× 3 with increased stride, followed by 1× 1 convolutions, to reduce the
dimensionality of representations and increase computational efficiency. You can
see the network diagram in Fig. 5.

Fig. 5. Schematic diagram of InceptionV3 model, adapted from [23].

3 Materials and Methods

The flowchart of this work is illustrated in Fig. 6, which will be explained in more
detail in this section. In summary, starting from the BreakHis dataset, which
contains breast tissue images for lesion classification, preprocessing procedures
were performed on the images before splitting them into training, testing, and
validation sets. These sets were used to train and evaluate the different models.

3.1 Dataset BreakHis

For this work, the BreakHis dataset was used, which contains 7,909 histopatho-
logical images acquired from 82 patients using different magnification factors
(40X, 100X, 200X, and 400X). Out of these images, 2,480 are benign samples,
and 5,429 are malignant samples. The images were collected using the SOB
method, have a resolution of 700× 460 pixels, and consist of 3 channels of 8-bit
color (RGB). A complete description of the sample count for each magnification
level in the dataset can be seen in Table 1. The associated task with this dataset
is the automated classification of these images [32].
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Fig. 6. Pipeline of the developed work.

Table 1. Description of the number of images in the BreakHis dataset by classes and
magnification, adapted from [32]

Magnification Benign Malignant Total

40X 652 1,370 1,995

100X 644 1,437 2,081

200X 623 1,390 2,013

400X 588 1,232 1,820

Total number of images 2,480 5,429 7,909

3.2 Data Preparation

In the preprocessing step of the images, data augmentation techniques were used,
applying various transformations to each training instance while preserving the
relationship with the annotations, with the aim of artificially expanding the
amount of information for improved network learning [24].

The techniques applied for data augmentation were: Horizontal Flip, used
to horizontally flip the image; Vertical Flip, used to vertically flip the image;
Rotation, used to rotate the image; and Brightness, responsible for adjusting
the brightness level in the images. All data augmentation techniques were con-
ditioned to a factor of 0.2.

To reduce discrepancies among various images, a technique known as stain
normalization [8] essentially transfers the average color from the source of one
image to other images. Although deep learning (DL) algorithms may be able to
partially reduce color variations through data augmentation, the performance of
the results deteriorates due to the limited amount of data.
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In this work, the stain normalization technique was adopted to reduce the
color variability in histopathological images, establishing a standard, thereby
facilitating model learning. Additionally, the image size of 460× 700 was resized
to the standard 224× 224.

3.3 Training

After completing the preprocessing step of the images using stain normalization
and data augmentation techniques,

Table 2. Results obtained using transfer learning and stain normalization.

Model Accuracy F1-Score

EfficienteNetV2B1 0,8581 0,8971

DenseNet121 0,8551 0,8940

MobileNetV2 0,8739 0,9090

Resnet50V2 0,8406 0,8877

InceptionResNetV2 0,8365 0,8846

InceptionV3 0,8710 0,9067

VGG16 0,7994 0,8564

EfficientNetV2M 0,8427 0,8852

The fitness function is responsible for evaluating the performance of a neu-
ral network with the aim of enhancing and seeking an improvement in results
with each generation [30]. For this work, the optimizer used was Adam with
a learning rate of 5e-4. The loss function employed was BinaryCrossentropy,
which aims to minimize the discrepancies towards the desired class value. Train-
ing was conducted for 100 epochs, and the networks used were Resnet50V2
[13], DenseNet121 [15], MobileNetV2 [27], VGG16 [31], InceptionResNetV2 [34],
InceptionV3 [35], EfficienteNetV2B1 [37] and EfficientNetV2M [37].

After training all the networks, the top 3 networks with the highest accuracy
were selected, as shown in Table 2. This allowed for the selection of the network
ensemble that will be used in the next phase.

Ensemble. Ensemble learning [40] is a method in which multiple models are
combined to enhance the performance of a final model in machine learning tasks.
Ensemble methods provide a powerful way to improve the generalization capa-
bility and accuracy of machine learning models. For the purpose of this binary
classification task, the adopted method was voting, as it is the most common
and yields good results [40].

Voting is a common method of combination, which can be implemented in
various ways, including majority voting. Thus, majority voting is a method of
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combining predictions from multiple base models in an ensemble. Majority voting
counts how many models predict each class and then makes the final prediction
based on the class that receives the majority of votes [9].

After selecting the three networks with the best performance, we combined
their predictions using a voting approach. Since we are dealing with a binary
classification task where classes are represented as 0 (benign) or 1 (malignant),
we applied the following criterion: if a class received an equal or greater number
of votes than 2, it is considered to belong to the malignant class; otherwise, if
it received 1 vote or none, it is classified as benign. This process results in the
creation of an array of consolidated predictions through this voting process.

3.4 Evaluation

In this section, we will discuss the definition of the metric used in this work:
Accuracy and F1-Score.

Accuracy is the ratio of the number of correctly classified samples to the
total number of samples. We can understand it as follows, as per Eq. 1: True
Positive (TP) represents the number of true positive cases. True Negative (TN)
is the number of true negative cases. False Positive (FP) is the number of false
positives, and False Negative (FN) is the number of false negatives. All of these
values are derived from the confusion matrix [6].

acc =
TP + TN

TP + TN + FP + FN
(1)

The F1-Score is the harmonic mean of Precision and Recall [6], as seen in
Eq. 2. Therefore, when the F1-Score is low, it indicates that either Precision or
Recall is low.

f1 = 2
precision× recall

precision + recall
(2)

Recall is the number of relevant items retrieved as a proportion of all relevant
items [3]. We can describe Recall as the ratio of the number of true positives to
the sum of true positives and false negatives. In this way, Recall is used to assess
the percentage of data classified as positive compared to the actual quantity of
positives in the sample [3].

recall =
TP

TP + FN
(3)

Precision is a measure of purity used to assess the performance of Recall, as
it gauges the effectiveness in excluding irrelevant items from the retrieved set.
Therefore, both high Precision and high Recall are desirable [3].

precision =
TP

TP + FP
(4)
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4 Results

In this section, the results obtained in different experiments will be presented.
Additionally, the evaluations were conducted using accuracy as the metric.

Table 3. Results obtained with the original dataset.

Model Accuracy F1-Score

EfficienteNetV2B1 0,8177 0,8756

DenseNet121 0,8023 0,8629

MobileNetV2 0,7965 0,8563

ResNet50V2 0,7827 0,8464

InceptionResNetV2 0,6987 0,8226

InceptionV3 0,6987 0,8226

VGG16 0,7827 0,8464

EfficientNetV2M 0,7553 0,8354

When conducting tests with the original dataset, we observed that the Effi-
cientNetV2B1 network demonstrated superior performance compared to other
architectures, as highlighted in Table 3. Therefore, we chose to use this network
to obtain the images that will be used as a reference when applying the stain nor-
malization technique. To do this, we analyze the predictions in the training set,
prioritizing those with the highest associated confidence. This procedure allows
us to identify which malignant or benign images contributed most significantly
to the learning of the neural network.

Table 4. Results of the accuracies obtained using benign and malignant targets.

Model Target benign Target malignant

EfficienteNetV2B1 0,8054 0,8581

DenseNet121 0,8410 0,8551

MobileNetV2 0,8280 0,8739

Resnet50V2 0,8236 0,8406

InceptionResNetV2 0,8262 0,8365

InceptionV3 0,8245 0,8710

VGG16 0,7072 0,7072

EfficientNetV2M 0,8315 0,8427

After selecting the benign image with the best performance and the malig-
nant image, we conducted an additional experiment to assess which of the two
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would stand out after being subjected to the stain normalization process, as
shown in Table 4. Due to the substantial computational cost associated with
training on the complete image set, the decision was made to exclusively train
using magnifications of 200x and 400x. In this context, the training set consisted
of a total of 2,682 images, with 804 images allocated for validation purposes
(30%), 1,878 images for the actual training (70%), and finally, 1,151 images for
the test set.

Table 5. Comparison of the accuracies obtained using stain normalization alone and
using stain normalization with transfer learning.

Model Stain Normalization Stain Normalization + Transfer Learning

EfficienteNetV2B1 0,7611 0,8581

DenseNet121 0,6987 0,8551

MobileNetV2 0,6987 0,8739

Resnet50V2 0,7499 0,8426

InceptionResNetV2 0,6987 0,8365

InceptionV3 0,6987 0,8710

VGG16 0,6987 0,6987

EfficientNetV2M 0,7387 0,8427

After verifying that using the malignant image as a reference for stain nor-
malization in the dataset, along with techniques like data augmentation and
transfer learning, resulted in improved model performance, we expanded this
approach to the entire set of images. We can observe how the use of transfer
learning affected the learning of the networks, as seen in Table 5. Additionally,
data augmentation was applied in both experiments.

Table 6. Result obtained and compared to the literature.

Method Accuracy F1-Score

pdMISVM [29] 0,8960 0,9112

Feature-level fusion-based FS framework [39] 0,9270 –

MPC [5] 0,9223 –

3PCNNB [16] 0,9180 –

VGG16 Modified with Inception block and dense layer [26] 0,9681 0,9387

Proposed 0,8847 0,9169

When analyzing Table 6, it becomes evident that the proposed methodology
did not manage to surpass the accuracy of the works in the same area. However, it
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is crucial to highlight that all of these methods employ custom feature extraction
processes, as mentioned in [29]. Furthermore, although the computational cost
for training the complete set of networks to select the top three was higher
compared to the analyzed works, the total training cost for these three top-
performing networks ends up being lower than that of the compared works.

This occurs, in part, due to the lower complexity of the chosen networks
compared to those mentioned in [31] and [26], which have a higher number
of parameters. This difference in the number of parameters may require more
substantial computational resources and can lead to overfitting issues.

In this study, the networks selected for the ensemble were InceptionV3,
MobileNetV2, and EfficientNetV2B1, containing 23.9, 3.5, and 8.2 million
parameters, respectively, totaling 38.8 million parameters. This approach of
combining models aims to explore their complementarities and mitigate their
individual limitations, thereby seeking a more robust result.

5 Discussion

Overall, the results obtained individually by the top three networks are quite
similar. However, when we employ the voting technique, we can observe a modest
improvement in the model’s accuracy. Below, we present the model’s predictions
based on a small sample of the test set, as illustrated in Fig. 7.

Fig. 7. Predictions of the proposed method
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We can also analyze the results from the perspective of the confusion matrix,
which provides a visualization of the balance between correct predictions and
errors of the final model, as demonstrated in the Fig. 8.

Fig. 8. Confusion matrix of the proposed method

When examining the confusion matrix, we notice that despite the imbal-
ance present in the dataset, we were able to achieve a satisfactory number of
correct predictions. Out of the 724 benign images in the set, the model cor-
rectly predicted 596, which corresponds to an accuracy rate of approximately
82%. Regarding the 1679 malignant images, the model correctly predicted 1530,
resulting in an accuracy rate of around 91%.

These results demonstrate the model’s ability to make accurate predictions,
even in a scenario where the classes are unbalanced.

6 Conclusion

The improvement in disease detection in breast tissue through feature extraction
and computational methods for the analysis of histopathological exams, using
image processing, is of fundamental importance for both physicians and patients.
This study presents the development of an image classification method using
machine learning techniques, specifically in the field of Deep Learning, for the
detection of breast cancer in histopathological images. Although the proposed
methodology did not manage to surpass the accuracy of works in the same area,
the results obtained are satisfactory, even when compared to the literature. The
computational cost for training the complete set of networks to select the top
3 is higher compared to the analyzed works. However, the training of the top
3 networks ends up being more cost-effective than in the comparative works.



236 L. F. R. Pereira et al.

The study employs InceptionV3, MobileNetV2, and EfficientNetV2B1 in the
ensemble, totaling 38.8 million parameters.
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