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Abstract. Breast density is a crucial factor to follow-up the relapse of breast cancer
in mammograms and the risk of local recurrence after conservative surgery and/or
radiotherapy. Accurate breast density estimation with visual assessment is still a
challenge due to faint contrast and significant variations in background fatty tissues
in mammograms. The important key of breast density estimation is to properly
detect the dense tissues in a mammographic image. Thus, this paper presents an
automatic deep breast density segmentation using conditional Generative
Adversarial Networks (cGAN) that consist of two successive deep networks:
generator and discriminator. The generator network learns the mapping from the
input mammogram to the output binary mask detection the area of the dense tissues.
In turn, the discriminator learns a loss function to train this mapping by comparing
the ground-truth and the predicted mask under observing the input mammogram as
a condition. The performance of the proposed model was evaluated on the public
INbreast mammographic datasets. The proposed model can segment the dense
regions with overall recall, precision and F-score about 95%, 92%, and 93%,
respectively, outperforming state-of-the-art of breast density segmentation. The
proposed model can segment more than 40 images with a size of 512x512 per second
on a recent GPU.
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1. Introduction

Breast cancer is the most common cause of death among women, which is prevalent
in both developed and developing countries. However early detection of breast cancer
improves the treatment of the patients and increases their chance of survival. Several
risk factors for breast cancer have been recognized, such as age, family profile, genetics,
and breast density. Since breast masses have very similar appearance to dense tissues,
many studies have indicated that breast density is a strong risk factor for developing
breast cancer [1] [2] [3] [4] [5]. Mammographic density has been associated with the risk
of local recurrence after conservative surgery and/or radiotherapy, as it is a predictor of
local recurrence, especially in patients who have not received it [6]. Therefore, accurate
breast density estimation is an important step during the screening procedure, because
women with dense breasts tissues have three-fold to six-fold higher probability to face
the risk of breast cancer [7] [8] [9]. Thus, breast density estimation is used to predict the
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presence of tumors at the early stage to help doctors for planning an appropriate treatment,

either chemotherapy or radiotherapy.

The amount of fibro glandular tissue content in the breast is commonly referred to
as breast percent density (PD %) [10]. According to the research presented by Norman
et al. [11], one of the factors that hinder the detection of masses by the specialists is the
type of the breast density, which can be dense (fibrous) or non-dense (fat). Furthermore,
Breast Imaging Reporting And Data System standard (BI_RADS) [12], presented by the
American College of Cancer, provides four categories: Bl_RADS I, Bl_RADA I,
BI_RADS Ill and BI_RADS 1V, as shown in Figure 1.

BI_RADS 1 BI_RADS II BI_RADS III BI_RADS IV
Fatty breast Average density Heterogeneously Extremely dense
dense
(0-25%) (26-50%) (51-75%) (75-100%)

Figure 1. Breast density tissues classification in INbreast mammograms.

X-Ray mammography is considered as the most popular method utilized by
radiologists for screening and early detection. The common screening mammographic
views are craniocaudally (CC) and mediolateral oblique (MLO). The CC mammographic
view is captured from the superior view of a horizontally compressed breast. In turn, the
MLO view is captured from the side of a diagonally compressed. Analysis of
mammograms is not easily feasible for every case, for this reason, computer techniques
to diagnose and classify the breast density have attracted the researchers’ attention in
recent decade [1] [2] [10] [11] [13] [14].

In the literature, several approaches for breast density estimation in mammogram
analysis have been developed and presented. These methods can be classified into hand-
crafted based methods and deep learning based methods. Hand-crafted methods are
based on extracting features from mammograms to represent the dense tissues.
Traditional machine learning algorithms used to segment or classify the features. For
instance, a fully automated quantification of breast density percent based on adaptive
multiclass fuzzy c-means (FCM) clustering and support vector machine (SVM)
classification has been proposed by B. M. Keller et al. [9]. In addition, the LBP
descriptor [15], Gabor filters [14] and GLCM features [16] have been used to extract
features from the input mammograms for segmenting and estimating breast density.

In turn, many researches have recently been proposed based on deep learning
systems. Deep learning networks, such as Convolutional Neural Networks (CNN),
automatically learn features from raw images directly and they can properly represent
the object at different scales and orientations. An unsupervised deep learning method
based on CNN to learn the characteristics of dense and fatty tissues have been presented
by M. Kallenberg [17]. The input mammogram is divided into a set of sub-images that
are classified into dense or fatty regions. Their proposed model yielded a strong
correlation to the manual breast density segmented by expert radiologists. In addition, a



deep learning system consisting of four convolutional layers with a maximum pooling
have been developed by C. K. Ahn [18] to segment the breast density regions in
mammograms. The convolutional layers are trained as auto-encoders and their weights
and bias terms are fine-tuned using softmax regression.

It should be considered that increasing the quality of dense tissues segmentation,
increases the accuracy of breast density estimation. The novelty of the current paper is
that a deep model has been proposed using conditional Generative Adversarial Network
(cGAN) [18] to improve the segmentation of the breast dense regions in mammograms.
CcGAN is a deep learning model that can learn the statistical invariant features (texture,
color, etc.) of an input image and then generate nearly synthetic images, which look like
the input image. cGAN networks consist of two successive networks: generator and
discriminator. The generator network learns to map the input image to the target output,
in turn the discriminator learns a loss function to train this mapping by comparing the
ground-truth and the predicted output. Finally, the cGAN network optimizes a loss
function that combines a conventional binary cross-entropy loss with an adversarial term
(i.e., discriminator), which encourages the generator to produce outputs that cannot be
distinguished from ground-truth ones. The main objective of the present paper is to
enhance the accuracy of breast density segmentation using the cGAN network. To the
best of authors' knowledge, this is the first application of the cGAN network for
segmentation of dense tissues in mammographic images.

The remaining part of this paper is structured as follows. Section 2 is devoted to
the proposed cGAN model. In order to demonstrate the effectiveness of the proposed
work, some experimental results and a comparative study are shown in Section 3. In
addition, conclusion and future work are explained in Section 4.

2. Proposed Methods

An overview of the proposed methodology is presented in Figure 3, followed by a
summary of each step in the process. The cGAN is a conditional variation of the GAN,
where the generator is instructed to generate a real sample having specific characteristics
rather than a generic sample from full distribution [19]. We assumed that the cGAN
structure is well- suited to accurately outline the breast density area, especially when the
training data is limited and our experimental results support our hypothesis.



Training

Real data

X

¥y Sigmoid

z
X

G(x)
Yy ERE=Resy
Loss function

Testing ‘

Generated mask

G(x)

[

Figure 2. Conditional Generative Adversarial Network framework.

As demonstrated in Figure 2, the cGAN network is comprised of two main networks,
generator and discriminator. In our model, the generator Network G takes a
mammographic image and tries to generate a mask image of the areas related to dense
tissues (i.e., 0 for non-dense pixels and 1 for dense pixels). The generator network then
generates a data latterly fed into a discriminator network. The discriminator D learns a
loss function to train this mapping by comparing the ground-truth and the predicted
output, but with observing the input image as a condition in order to improve the network
optimization as proposed in [19].

The generator networks follow an encoder-decoder architecture of U-net with skip
connection [20]. The encoder includes down sampling 8 convolutional layers. The first
layer uses 7x7 convolution to generate 64 feature maps and the final layer generate 512
feature maps with a 1x1 size. While, the six middle layers are from the pre-trained
ResNet-101 [20]. To improve the segmentation performance, we also used a U-net
architecture based on skip connections in which the input of each decoder is concatenated
to of its corresponding convolutional output of the encoder. In turn, the decoder includes
up sampling 8 convolutional layers with a reverse ordering layers that are similarly
structured to the encoder network. On the other hand, the discriminator network consists
of 5 convolutional layers. The first layer of the discriminator used 64 filters of 3x3 and
a stride of 2x2. The final layer of the discriminator produces 512 feature maps with a
size of 30x30 followed by Sigmoid as an activation function.

The proposed cGAN model has been trained over a loss function resulting from
combining a content and adversarial losses. The content loss follows a classical approach
in which the predicted dense mask is a pixel-wise compared to the corresponding one
from ground-truth. In turn, the adversarial loss depends of the real/fake prediction of the
discriminator over the ground-truth and the predicted foreground mask with observing



the input image. The training process of this cGAN can be expressed as an optimization
of the following function presented in Eq. (1), which mathematically describes the
training of cGAN.

G *= argming maxpLop(D,G) + 3 Lyse 1)

Where 3 =10, and Lgp (D, G), the binary cross entropy (BCE) of the adversarial,
can be computed as:

Legan (D,G) = Ex_y[log(D (x, y))] + Ex_y[log(l — D(x, Z))] (2)

In Eqg. (2), the first term is entropy of the discriminator D with real data (i.e., the
input image is x and the ground-truth is y, both images are concatenated). The second
term is entropy with a fake input data (i.e., the input image is x and the generated image
is z, both images are concatenated) passes through the generator, which is then passed
through the discriminator to identify the fakeness (i.e. the log probability that the data
from generated is fake if it equals to 0), and the content loss function computed between
z and its corresponding ground-truth y, can be defined as:

Luse(6) =~ lly Il (3)
Where N is the number of the pixels per input image.

During training, the discriminator tries to maximize (1), while the task of the
generator is exactly the opposite that tries to minimize (1). For our experiments, we have
used an Adam [21] optimizer with learning rate 0.0002, and batch size equals 4, in
addition to an optimal number of epochs equals 200.

3. Experimental results
3.1. Database

To evaluate our results, we have used the INbreast dataset [22], which consists of 410
mammographic images and presented from MLO and CC views for both side of breast
(right and left). We manually segmented the 410 images to generate the ground-truth
masks assessing by two radiologists of Hospital Sant Joan de Reus. This dataset has been
divided into three sets, 250 images for training (~60%), 60 images for validation (~15%)
and 100 images for testing (~25%).

3.2. Pre-processing

Re-sizing: The mammographic images of the INbreast dataset used in this work have
large sizes of 2000x2000 or more. In order to reduce the computation time, all
mammograms were re-sized to a size of 512 x 512 and normalized to scale (0...1).

Removing pectoral muscle: Since the intensity similarity and the overlap between the
pectoral muscles and the glandular dense tissues can cause false positive detection of
dense regions. Pectoral muscle area extraction can help to reduce the false positives [23],



hence, we manually removed pectoral muscles of all images in the INbreast dataset using
a threshold method a proposed in [24].

3.3. Result and discussion

We compared the proposed cGAN to three common methods of semantic segmentation
based on deep learning models FCN8 [25], FCN32 [25] and VVgg-Segnet [26]. The three
aforementioned methods depend on the generator networks. We computed seven
evaluation metrics; recall, specificity, false positive rate(FPR), false negative rate (FNR),
PBC, precision and F-score, over the segmented images resulted with the four tested
methods. For the best segmentation performance, recall, specificity, precision and F-
score metrics values should be high, however False Negative Rate(FNR), False Positive
Rate (FPR) and PBC should be low.

Quantitative measurement results with the testing set (i.e., 100 images) are
summarized in Tablel. As shown, the GAN-Unet yielded the best results among the four
tested methods with F-score of 94% of. In addition, it outperformed all the three methods
tested over the six evaluation metrics. Respectively, the FCN-32 achieved the worst
results among the evaluated methods with F-score about 50%, since this network consists
of 32 convolutional layers that need a lot of images to train for a proper optimization and
that is not available for all cases of medical images datasets. In addition, the SegNet
network provided acceptable results with F-score of 73%.

Qualitative results with the proposed model and the three tested methods are shown
in Figure 3. Supporting the quantitative results shown in Table 1, the segmented images
resulted from the cGAN model properly segment the dense regions including the small
regions and preserving the small details and boundaries of the dense tissues. In turn, the
other methods, FCN-8, FCN-32 and Vgg-Segnet, smoothed the boundaries of the dense
tissues and have not detected the small regions.

Table 1. Recall, Specificity, FPR, FNR, PBC, Precision and F-score with the cGAN-Unet, FCN8, FCN32
and VGG-SegNet methods evaluated on the testing set of the INBreast dataset. The best results are marked in
a bold text.

METHODS RE  SPECIFICITY FPR FNR PBC PRECISION F-
CALL SCORE
cGAN-Unet[20] 0.957 0.999 0.000 0.043 0.022 0.916 0.936
F C N-8[25] 0.748 0.997 0.002 0.252 0.506 0.693 0.721
FCN-32[25] 0.572 0.997 0.004 0.428 0.795 0.595 0.584

Vgg-Segnet[26] 0.832 0.996 0.004 0.169 0.558 0.662 0.738
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Figure 3. Examples of the breast density segmentation: (col 1) breast mammogram images, (col 2) ground
truth mask, (col 3) generated masks with our proposed method cGAN-Unet, (col 4) FCN 8, (col 5) FCN 32
and (col 6) VGG-SegNet.

4. Conclusion

This paper proposed to use the conditional Generative Adversarial Network for
promising breast density segmentation. The cGAN network consists of two networks.
The first network is an encoder-decoder network, called generator, that maps the input
mammogram to a segmented image including the dense areas, and The second network
is called discriminator that learns a loss function to enforce the generator to produce an
output, which is similar to the ground-truth. Using of the network help the proposed
model to train by a small set of mammographic images. The proposed method can
segment the dense regions in mammographic images with overall recall, precision and
F-score around 95%, 92%, and 93%, respectively outperforming the common semantic
segmentation methods (FCN and SegNet). Future work aims to use the density
segmented in mammographic images to generate a more accurate breast density
estimation.
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