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Abstract: Breast cancer remains one of the primary causes of cancer-related deaths among women
globally. Early detection via mammography is essential for improving prognosis and survival rates.
However, mammogram diagnostic accuracy is severely hindered by dense breast tissue, which can
obstruct potential malignancies, complicating early detection. To tackle this pressing issue, this
study introduces an innovative approach that leverages Generative Adversarial Networks (GANs),
specifically CycleGAN and GANHopper, to transform breast density in mammograms. The aim is to
diminish the masking effect of dense tissue, thus enhancing the visibility of underlying malignancies.
The method uses unsupervised image-to-image translation to gradually alter breast density (from
high (ACR-D) to low (ACR-A)) in mammographic images, detecting obscured lesions while pre-
serving original diagnostic features. We applied this approach to multiple mammographic datasets,
demonstrating its effectiveness in diverse contexts. Experimental results exhibit substantial improve-
ments in detecting potential malignancies concealed by dense breast tissue. The method significantly
improved precision, recall, and F1-score metrics across all datasets, revealing previously obscured
malignancies and image quality assessments confirmed the diagnostic relevance of transformed im-
ages. The study introduces a novel mammogram analysis method using advanced machine-learning
techniques, enhancing diagnostic accuracy in dense breasts and potentially improving early breast
cancer detection and patient outcomes.

Keywords: ACR BI-RADS; breast cancer; breast mammographic density; computing methodologies;
CycleGAN/Multi-Hop GAN/gGANHopper; deep learning; generative adversarial networks; image
transformations; mammography; masking effect

1. Introduction

Artificial intelligence, particularly deep-learning approaches, has attracted attention
due to its excellent performance in medical imaging [1]. These methods span from feature
engineering in conjunction with supervised classifiers to learn low-level pixel representa-
tions up to the more recent trend of feature learning with convolutional neural networks
(CNNs) [2]. The introduction of generative adversarial networks (GANs) [3] is one of
the most intriguing breakthroughs in this field. GANs, with their ability to replicate data
distributions and synthesize images at previously unheard-of degrees of realism, have
paved the way for new techniques to bridge the gap between supervised learning and
synthetic image production. The enhancements mentioned above are primarily due to
the following characteristics: (1) GANs maximize the probability density over the data
generating distribution by utilizing density ratio estimation [4] in an indirect manner of
supervision; and (2) GANs can discover the high dimensional latent distribution of data,
which has resulted in significant performance gains in the extraction of visual features.

Generative Adversarial Networks (GANs) are increasingly used in the literature to
address various medical problems, such as data augmentation and synthesis. GAN-based
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models should be able to extract common characteristics from both domains and reveal
their underlying relationship for picture transformation between two domains; CycleGAN
is a conventional GAN model that uses this idea. The concept of an adversarial loss,
which requires the generated images to be, in theory, identical to real images, is crucial to
CycleGAN’s effectiveness.

In this work, we exploit an unsupervised image-to-image translator based on CycleGAN [5]
and GANHopper [6] that is constrained to transform images gradually between two do-
mains related to breast density characterization. Breast density can only be identified by
mammography, an essential characteristic influencing mammography sensitivity [7–11].
Due to its impact on the accurate detection of cancer in mammograms, it would be prefer-
able if a method could be proposed to alleviate the masking (the loss of lesion conspicuity
due to the superposition of the X-Ray attenuation of typical fibroglandular structures in the
breast). The sensitivity of detecting malignancies is reduced in dense breasts, with reports
ranging from 80% in non-dense breasts to 30% in dense breasts [11,12]. Women with dense
breasts are more likely to undergo additional diagnostic procedures, such as conventional
magnetic resonance imaging (MRI), due to these known diagnostic challenges. Although
MRI has significantly higher sensitivity than mammography, its limited specificity can
result in unnecessary biopsies.

In cases of high MBD (Mammographic Breast Density), a mammogram’s ability to
detect cancers is about the same as flipping a coin. A study that was published in the
American Journal of Roentgenology [13] demonstrated how MBD dramatically lowers
the sensitivity of breast cancer diagnosis consisting of a substantial group of women who
underwent automated volumetric analysis mammography screening. Mammography’s
sensitivity to detect cancerous regions declines linearly with increasing age. Mammogra-
phy’s sensitivity drops to less than 50% when volumetric breast density rises above 25%. In
addition to increasing the risk of breast cancer, elevated MBD significantly impairs the ca-
pacity of mammography, the most popular method of breast screening, to identify cancers.
High MBD is the most common cause of interval malignancies in screening programs.

We propose an approach to “transform” breast density to the lower characterized level,
thus enhancing diagnostic accuracy. Treatment and early detection could prevent much
of the global cancer burden. For example, early detection can allow a tumor to be treated
before it acquires critical combinations of genetic alterations. Instead of transforming di-
rectly from a highly dense breast image (ACR-D) to an entirely fatty breast image (ACR-A),
we gradually change the image using a sequence of CycleGANs leading to the desired
target domain of ACR-A. The transformation of breast density regions ACR-D to ACR-A
reveals previously undetected findings in conjunction with classical Deep learning methods.
This process significantly improves recognition accuracy while reducing the number of
undetected ROIs due to their dense breast tissue surrounding. A similar approach was
investigated in [14], in which a CycleGAN-based model was used to transform images
between ACR-A and ACR-B, C, and D classes. Still, this research is more detailed, and the
performance is examined in more well-established datasets. The following are this work’s
key contributions:

• Creating a novel method for detecting hidden suspicious abnormalities in ROIs that
are partially or entirely masked by surrounding tissue, taking into account the local
breast density characterized by ACR levels.

• The removal of the masking effect caused by surrounding tissue on the examined
ROI by converting the ROI’s ACR level to the ACR-A category. This procedure uses a
modified GANHopper/CycleGAN topology that cycles through the four ACR levels.

• Improving overall abnormal region detection performance with a CNN network
architecture based on a VGG16 [15] network and extended tests on the most well-
known datasets in the field.
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2. Literature Review

The recent advances in Generative Adversarial Networks (GANs) [16] in computer
vision and medical imaging provide enhanced cancer detection and analysis capabilities.
Most works published in the literature propose exploiting GAN-based architectures to
synthesize full-size images or specific areas (ROIs) to overcome data scarcity. In this section,
we summarize the latest GAN-based approaches in breast imaging applications focused on
those related to applications in digital mammography.

In a study [17], the authors trained a GAN model to generate synthetic patches with
benign and malignant tumors. The synthetically generated patches had apparent artifacts
that did not match the used dataset distribution. One possible reason reported was the
phenomenon of artifact injection by the GAN model structure, i.e., checkerboard artifacts
and black spots, that impact the quality of the final synthesized image and, of course, are
not encountered in real images.

A UNet-based GAN model for data augmentation that can realistically synthesize and
remove lesions on mammograms was proposed in [18]. The central concept presented is
based s on the fact that lesions can develop approximately uniformly across breast tissue,
and thus, given the context of surrounding tissue, the proposed model can realistically
generate and remove. The UNet-based architecture can create images of 256 × 256 pixels
using self-attention and semi-supervised learning components. The authors report that the
proposed GAN model significantly improved malignancy classification performance. This
work focused on developing a GAN model capable of generating multiclass high-resolution
images for digital mammograms covering all categories of breast cancer abnormalities.

The first study that reported the synthesis of high-resolution full-field digital mam-
mograms (FFDM) images in the literature proposed the use of a Progressively Growing
GAN (PGGAN) [19]. This model was trained using more than 400,000 FFDMs and was
demonstrated to generate mammograms up to a 1280 × 1024-pixel resolution. Overall, in
this study, the synthetic images were shown to be indistinguishable from original mammo-
grams. However, it was unclear and was not further investigated whether the synthetic
FFDMs can be used for relevant clinical applications.

In a recent work [20], the researchers tried to improve mass detection performance in
high-density breasts using synthetic high-density full-field digital mammograms (FFDM)
as data augmentation during breast mass detection model training. Five cycle-consistent
GAN (CycleGAN) models were tied to each dataset and breast view (CC and MLO view).

Another study [21] reported GAN artifacts’ role in synthesizing feasible-looking breast
images. GANs can suffer from multiple artifacts that may impact the final synthesized
image’s quality and the performance of detecting malignancies. They explored the types of
GAN artifacts in mammogram simulations and their effect on mammographically occult
(MO) cancer detection.

An attempt to deploy a synthesis image model to produce CC-view mammograms
from MLO views was reported in [22]. The techniques the authors applied reduced the
model’s training time, whereas the feature matching loss considerably improved the quality
of the synthesized images. The proposed method succeeded in synthesizing CC views
similar to the real images for some (but not all) cases.

The researchers in [23] generated realistic standard mammographic images using the
state-of-the-art generation network StyleGAN2. They developed an unsupervised anomaly
detection method to detect breast cancer without collecting or annotating cancer datasets.

The authors of the work [24] used a CycleGAN trained on image patches from recalled
lesions and normal breast tissue to create a Lesion Remover (LR). The Lesion Removal
(LR) adopted an approach of transferring a lesion’s style to normal breast tissue using a
model based on CycleGAN. Their hypothesis was to highlight the lesion that was already
present by merging an image of a lesion that had been excised with its original image.
Utilizing color fusion, the highlighted lesion was overlaid onto the original mammogram.
The resulting color-fused image highlights the lesion because the Lesion Remover removed
the lesion and left the surrounding tissue intact.
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Last, the study [25] focused on synthesizing ROI-based digital mammograms by
deploying a GAN model named ROImammoGAN. Their approach involves designing
a GAN model to represent abnormalities in digital mammograms. Attention was given
to architectural distortion, asymmetry, mass, and microcalcification abnormalities so that
training distinctively learns the features of each abnormality and generates sufficient images
for each category.

3. Methodology

This section will cover the methods and philosophy behind the ROI mammogram
transformations across the four ACR BI-RADS categories. According to the American
College of Radiology Breast Imaging Reporting and Data System [26] (ACR BI-RADS,
Rev. 2015) there are four breast density categories: ACR-A (“essentially all fatty”), ACR-B
(“sporadic fibroglandular density regions”), ACR-C (“unevenly dense breasts, which may
obscure small masses”), and ACR-D (“excessively dense breasts, which lowers the sensitiv-
ity of mammography”). The foundation of our approach is developing a process that uses
a patch from inside the breast density area and gradually transforms it into the equivalent
ACR-A category patch. The process must also handle the boundary case of converting a
patch of any ACR category to itself (especially interested in the ACR-A patches case).

Let’s consider X and Y our source and target image domains (the source and target
domains are ACR-A and ACR-D breast density space accordingly). Our goal is to progres-
sively learn a transformation function that, given an image x ∈ X belonging to the ACR-A
domain, outputs another image y′ ∈ Y belonging to the ACR-D domain such that y′ is
perceived to be the counterpart of the image x in the domain Y. The same must be achieved
with the reverse transformation from y ∈ Y to x′ ∈ X (a unique characteristic of CycleGAN).
It is anticipated that any appropriate translation function will be intricate and challenging
to learn when there are significant differences between the source and target domains, as in
our case. The search area for translation functions might be extensive without any paired
images; there are more degrees of freedom to consider with significant image changes,
so a more limited and controlled search is preferable. Unpaired training data ensured
the model’s applicability to our scenario, where image pairs are unavailable because the
same breast region of the same patient could not belong to both the high (ACR-D) and low
(ACR-A) breast density domains.

The method is based on the CycleGAN [5] and GANHopper [6] (a CycleGAN-based
approach with gradual transformations), which we will be referred to from now on as
gGANHopper (a.k.a guarded GANHopper). Since the breast density of the tissue according
to the ACR BI-RADS is expressed as a proportion of fibroglandular parenchyma in relation to
the fatty breast tissue, we are modeling the traverse from one ACR category to its neighbor
ACR category as a hop in a breast-dense mix variation manner. This means that each hop
is responsible for transforming the breast density in such a manner that, for example, in the
used 6-hop (5-node) architecture (Figure 1), the first hop from the right produces images that
are 90% ACR-A and 10% ACR-D like, the second hop outputs images that are 70% ACR-A
and 30% ACR-D like, the third hop is constrained to produce only ACR-C/ACR-B patches.
The last two hops produce patches in a cascading manner (30% ACR-A, 70% ACR-D, and
10% ACR-A, 90% ACR-D) toward the desired output of 100% ACR-D.

Each hop is considered to produce an image of the defined ACR category and pro-
gressively prepares the image toward the target domain by altering the breast density. The
intermediate image of each hop is declared to have a specific mixture ratio of the input and
target image, as explained. The mix ratio chosen for each hop maintains the cumulative
ACR between 0% and 50% for the right part of the middle node and 50% to 100% for the
left. Repeated consecutive hops produce hybrid images as byproducts of the translation
process; although these images are of no immediate use, they provide a visual validation
of the ACR transformations. The reverse direction path works similarly by feeding the
network from the left side, with patches of the ACR-D category. By making the network
create intermediate images that resemble weighted hybrids of the input/output images
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of the two domains, we can guide the transformation process and safeguard the overall
process by utilizing the functionality of the middle node. The central point of the archi-
tecture is a CycleGAN-based model that transforms patches of ACR-B to ACR-C and vice
versa. It is trained separately, in an out-of-bound parallel manner, with the gGANHopper
network. At specific timestamps during the training process of the gGANHopper network,
the updated middle node CycleGAN is reintroduced in the network, and the training of
the gGANHopper resumes with the updated response of the central node.
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Figure 1. Network architecture overview. Image patch transformation of ACR-A to ACR-D and vice versa.

Each hop is considered to produce an image of the defined ACR category and pro-
gressively prepares the image toward the target domain by altering the breast density. The
intermediate image of each hop is declared to have a specific mixture ratio of the input and
target image, as explained. The mix ratio chosen for each hop maintains the cumulative
ACR between 0% and 50% for the right part of the middle node and 50% to 100% for the
left. Repeated consecutive hops produce hybrid images as byproducts of the translation
process; although these images are of no immediate use, they provide a visual validation
of the ACR transformations. The reverse direction path works similarly by feeding the
network from the left side, with patches of the ACR-D category. By making the network
create intermediate images that resemble weighted hybrids of the input/output images
of the two domains, we can guide the transformation process and safeguard the overall
process by utilizing the functionality of the middle node. The central point of the archi-
tecture is a CycleGAN-based model that transforms patches of ACR-B to ACR-C and vice
versa. It is trained separately, in an out-of-bound parallel manner, with the gGANHopper
network. At specific timestamps during the training process of the gGANHopper network,
the updated middle node CycleGAN is reintroduced in the network, and the training of
the gGANHopper resumes with the updated response of the central node.

To analyze the proposed gGANHopper model further, we will start with the middle
node, which is based on CycleGAN. A typical architecture of CycleGAN is depicted in
Figure 2. The CycleGAN is a generative adversarial network or GAN technique involving
image-to-image translation without paired examples. An unsupervised training set of
images from both the source and target domains is used to train the model. In our case, a
pool of unpaired patch images containing only ROI patches from the breast density mask
belonging to ACR-B and ACR-C categories is constructed. However, since patches from
these categories are not balanced and exhibit scarcity, data augmentation techniques can
be exploited to balance the original input data. In this way, we can balance the class ratio
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of ACR-B and ACR-C samples of the training set. In total, 6 million image patches per
category ACR-B and ACR-C are constructed and used for model generalization.
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ACR-XGEN are artificial patches produced by Generator G1, while ACR-XGEN-CON are double-passed
patches from the two Generators G1, G2 consecutively.

The GAN architecture comprises two models: a generator and a discriminator model.
The CycleGAN model interlaces two generator-discriminator pairs for unpaired image-
to-image translation. Images from the first domain are fed into one generator, which
produces images from the second domain; similarly, images from the second domain are
fed into the other generator, which produces images from the first domain in a similar
manner. Subsequently, the generator models are modified following the discriminator
models’ evaluation of the generated images’ plausibility. The backpropagating loss, also
known as adversarial loss or GAN loss, is used to update the discriminators when it fails
to discriminate between translated and real images.

By including an extra loss to quantify the difference between the second generator’s
output and the original image, as well as the other way around, the CycleGAN promotes
cycle consistency. The training of the CycleGAN is running in parallel with the training of
the gGANHopper network in a separate dedicated workstation, and at each checkpoint of
the CycleGAN model, we are interested only in the two involved generators since the role
of the middle node in the gGANHopper architecture is constrained only in the following
task: given an image patch of ACR-B, or ACR-C domain produce the counterpart image
patch and forward it for further processing to the rest topology of gGANHopper.

The overall gGANHopper model consists of four CycleGAN generators, denoted by
G, F, Gm, Fm, and five discriminators, four of which are CycleGAN’s original adversarial
discriminators Disc-Y, Disc-X, Disc-Mx, Disc-My. The fifth discriminator is the hybrid
discriminator Disc-H. The hybrid term assesses the degree to which an image belongs to one
of the two domains (ACR-A or ACR-D). For instance, we demand that the first hop, G1(x),
be judged as belonging 10% to the domain Y (ACR-D) and 90% to the domain X (ACR-A).
Hence, the network capacity does not exceed that of a double-based CycleGAN network.

According to the creators of the GANHopper architecture, a hop is defined as using
either G or F to warp an image towards the domain Y or X, respectively. A complete
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translation is achieved by performing six hops using the same generator, G and F, except
for the middle hop, where Gm and Fm are responsible for the transformations. For instance,

y’ = G

(
G
(

Gm

(
G
(
G(G(x))

))))
(1)

where x ∈ X (ACR-A) and y’ ∈ Y (ACR-D). Similarly,

x’ = F

(
F
(

Fm

(
F
(

F(F(y))
))))

(2)

where x’ ∈ X and y ∈ Y.
Given an image x, the translation hops are defined via the following recurrence

relations, with h ∈ [1, 6]:

Gh(x) = G(G h−1(x)), G0(x) = x, h ̸= 3
Fh(x) = F(F h−1(x)), F0(x) = x, h ̸= 3
Gh(x) = Gm(G h−1(x)), h = 3
Fh(x) = Fm(F h−1(x)), h = 3

(3)

The implementation for the individuals CycleGAN follows that of [27] with a network
input of 256 × 256. Algorithm 1 shows the training procedure of the gGANHopper, i.e., for
each image to be translated, we perform a single hop, update the weights of the generator
and discriminator networks, perform the next hop, pass through the middle hop, etc. A
revised model for the intermediate node CycleGAN after evaluation using Fréchet Inception
Distance (FID) [28] and Inception Score (IS) [29] is performed, and the process resumes from
the previous best gGANHopper model in terms of total Generator/Discriminator Loss.

Algorithm 1. Training the of the gGANHopper Model

1: Initialization G, F, Dx, DY, DH
2: Load (G m, Fm)
3: for each epoch do:
4: x, y← Random_Image_Batch ();
5: xreal, yreal ← x, y;
6: for n = 1 to h do:
7: Generator_Update (G, x, n);
8: Generator_Update (F, y, n);
9: if n = 3 do:
10: x, y← Gm(x), Fm(y);
11: Discriminator_Update (DX, y, xreal, n);
12: Discriminator_Update (DY, x, yreal, n);
13: Classifier_Update(DH, xreal, yreal);
14: end
15: if cycleGAN_MiddleHop_Update do:
16: Gm, Fm ← Load (G m_upd, Fm_upd

)
17: end
18: end
19: end

Figure 3 depicts an excerpt of the training process (the x-axis corresponds to train-
ing steps in epochs), showing gGANHopper Generator/Discriminator Losses and the
perturbation in the loss metrics after the update of the middle node.
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A sample from the middle node is presented in Figure 4. An input patch of ACR-B, or
ACR-C, results in an image from the opposite domain ACR-C or ACR-B. The dedicated
role of the middle node is to guard the overall ACR breast density transformation process.
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The image transformations applied (especially for the direction ACR-D to ACR-A)
aim to reduce the masking effect caused by thick tissue and reveal malignancies from
surrounding tissue.

Given an ROI patch of a specific ACR category, i.e., ACR-B, a question that arises is
which direction the transformations will follow, in other words, whether we are going to
transform it via three hops to ACR-A (traversing the gGANHopper network to the left) or
via three hops to ACR-D (traversing the gGANHopper to the right) and six hops to left, to
obtain the desired output type of ACR-A. In all experiments, we took the longer distance
approach in terms of hops since we wanted to give the model the maximum degrees of
freedom to apply the learned transformations on the input patch and take advantage of
the expertise of the middle node. The inheritable cycle consistency in each hop enforces
forward and backward consistency of the transformations.

4. Experimentation Environment

All experiments were performed on an NVIDIA RTX 3090 24 GB, GDDR6X (using a
batch size of 6 for the gGANHopper and a batch size of one for the middle node CycleGAN).
The Deep Learning models were all implemented in Python 3.8, in Ubuntu 20.04, with
TensorFlow 2.8 and Keras 2.8 API. The unpaired sets of ACR-A and ACR-D contained about
8 million images for each category. In contrast, the odd set used for training the middle
CycleGAN (ACR-B and ACR-C) had about 6 million images per category. The datasets
were augmented via the albumentations library (https://albumentations.ai/ (accessed on
1 September 2024)), where various image transform operations were performed (rotation,
flipping, scaling, zooming, intensity changes, etc.). The network takes 256 × 256 images as
input and outputs images of the exact resolution. An entire epoch of the modified gGAN-
Hopper model takes about one month, while the training of the middle node CycleGAN
was performed in parallel, in an out-of-bound manner. The central node CycleGAN was
left for 70 epochs to be trained in a separate workstation set up with a similar configuration,
while the whole gGANHopper was trained for ten epochs. Whenever the middle node
CycleGAN has a better model to offer to the gGANHopper after FID and IS evaluation,

https://albumentations.ai/
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the previous best gGANHopper model (in terms of total Generator/Discriminator loss) is
loaded, and the training continues (Figure 3).

5. Datasets

For our study, we analyzed a set of different mammography databases that provide
information regarding breast density with ACR characterization, boundaries, and the type
of malignancy. To evaluate our approach, we used various types of mammograms, ranging
from fully digital to scanned X-ray film. The datasets and their statistics are presented
briefly in the section below.

5.1. The MIAS Dataset (Film Dataset)

The Mammographic Image Analysis Society (MIAS) [30] dataset consists of 322 film
mammograms (106 fatty and 216 dense images).

Annotations are given in a separate file containing the background tissue type, the
class and the severity of the abnormality, the x and y coordinates of the center of the
irregularities, and the approximate radius of a circle enclosing the abnormal region in
pixels. This dataset has no annotation regarding ACR breast tissue level; the creators have
used the old ACR characterization of Fatty/Fatty-Glandular/Dense-Glandular. In the
older BI-RADS edition, the assignment was based on the four ACR (American College of
Radiology) categories based on the fibroglandular tissue density in the breast. However, in
the 2013 edition, the standard was changed to introduce categories ACR-A, ACR-B, ACR-C,
and ACR-D, which consider the likelihood that a mass may be obscured by fibroglandular
tissue. We used a VGG16-based model for this dataset to categorize the ROIs according to
the corresponding BI-RADS ACR breast density categories.

5.2. The CBIS-DDSM Dataset (Film Dataset)

The Curated Breast Imaging Subset of DDSM (CBIS-DDSM) is an updated and stan-
dardized version of the Digital Database for Screening Mammography (DDSM) [31,32] and
is provided by the University of South Florida. It contains film mammograms digitized
using four different types of digitizers. The database contains approximately 2500 studies.
Each study includes two images (views) of each breast, as well as some associated patient
information (age at time of study, ACR breast density rating, subtlety rating for abnormal-
ities, ACR keyword description of abnormalities) and image information (scanner used
for the digitization, scanner spatial resolution, etc.). The ACR keyword description of the
database was matched to the ACR BI-RADS categorization.

5.3. The INbreast Dataset (Digital)

The INbreast dataset [33] was acquired from the Breast Centre in CHSJ, Porto. The
image sizes are 3328 × 4084 or 2560 × 3328 pixels in DICOM format. The DB contains
findings of six types: asymmetries, calcifications, distortion, masses, multiple findings,
and normal. The annotations about ROIs are in XML format. Information is also included
regarding the patient’s age during image acquisition, family history, ACR breast density
annotation, and BI-RADS classification. It has a total of 115 cases (410 images).

5.4. The SuReMaPP Dataset (Digital)

The SuReMaPP [34], published recently, consists of 343 mammograms hand-labeled
by expert radiologists to identify suspicious regions such as abnormalities (benign and
malignant) and calcifications. SuReMaPP contains mammograms with ACR keyword
descriptions corresponding to the ACR BI-RADS specification.

5.5. The CDD-CESM Dataset (Digital)

The Contrast-Enhanced Spectral Mammography (CESM) Dataset [35,36] is a dataset
of CESM images from women with suspicious breast lesions gathered from the Radiology
Department of the National Cancer Institute, Cairo University, Egypt. The images are all
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high resolution with an average of 2355 × 1315 pixels. Institutional review board approval
and patient informed consent to carry out and publish data were obtained from 326 female
patients aged from 18 to 90 years. The dataset contains 2006 images with CC and MLO
views (Each view comprises two exposures, one with low energy and one with high energy.
Low and high-energy images are then recombined and subtracted using appropriate image
processing algorithms to suppress the background breast parenchyma).

5.6. The VinDR Dataset (Digital)

The VinDr-Mammo [37] dataset is a large-scale dataset of full-field digital mammo-
grams comprising 5000 four-view examinations accompanied by breast-level assessments
and findings annotations. VinDr-Mammo contains approximately 20,000 scans of full-field
digital mammograms that also categorize breast-level BI-RADS assessment with suspi-
cious or possible benign findings that require follow-up examination and ACR breast
tissue/finding level annotations.

In Table 1 and Figure 6, we summarize the details of the datasets used in our experi-
ments. The breast density pie chart denotes the total number of mammograms per ACR
category. The results section will discuss and interpret this composition.

Table 1. Individual Datasets and annotation details.

MIAS CBIS-DDSM INbreast SuReMaPP CDD-CESM VinDr

Unique Cases 161 1566 115 145 326 5000
Orientation

RMLO/RCC 161 1756 206 163 503 10,289
LMLO/LCC 161 1682 204 180 500 10,197

Findings
Malignant 54 1936 1457 57 869 988

Benign 69 2628 269 73 738 18,232
Normal 207 1797 67 100 340 5606

Breast Density
BI-RADS

ACR-A 109 889 136 244 207 50
ACR-B

104
2406 146

100
604 954

ACR-C 1903 99 1005 7646
ACR-D 117 1161 28 0 131 1350
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The system consists of four main modules: (a) The collection of mammographic
datasets in which the Breast Tissue Masks are obtained by exploiting a UNet 3+ [38] based
model. (b) the Data Preparation module where image preprocessing (removal of annota-
tions, intra-transfer of datasets statistics [39], CLACHE [40,41], and patch extraction, i.e.,)
on image scale pyramid basis, and Data Augmentation (Flip, Zoom, Rotation, Brightness
Adjustments, i.e.,) takes place, (b) the Deep Learning module where breast tissue segmenta-
tion, breast density transformation and suspicious region detection is performed and finally
(c) the evaluation module where annotation of abnormal regions on the given mammogram
under examination is performed. To make our system more robust and to consider the
differences between mammograms during examination (fully digital and scanned X-ray
film), we thoroughly tested our system using five different datasets containing digital and
film-scanned mammograms.

An image characteristic transfer method was applied to eliminate the differences in the
intensity levels of the mammograms used in the databases, propagating INbreast dataset
statistics to all other mammographic sets. This preprocessing normalization is critical
because it can leverage large intensity variations typically attributed to using different
scanners with variable parameters in the image digitization process. To ensure objective
image comparison between different mammograms, a normalization algorithm is used in
advance to modify the distribution of intensity values in each scan and match the selected
baseline image. In this preprocessing step, adopted from [39], the color distribution of a
mammographic captured image is mapped to that of a well-acquired target image (a.k.a
Reinhard Normalization). The authors described a method for matching an image’s color
distribution to that of a target image using a linear transform in a perceptual color space to
match the mean and standard deviation of each color channel in the two images in that
color space. This method is also applicable for grayscale images, as the ones included in the
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mammogram datasets, where color-discarding is performed to obtain a grayscale image as
the outcome.

The discrete steps for the Reinhard Normalization are:
Step 1: Conversion of both source image X and target set image Y to the LAB space [42].

The baseline target, in our case, is the INbreast dataset.
Step 2: Compute the intensity variables {l2, a2, b2} of the processed image in the LAB

color space. In the following equations, {l1, a1, b1} are the mean intensity variables of the
target set in the LAB space, {l, a, b} are the intensity variables of the source image, µg
indicates the global mean of the image and σg represents the global standard deviation of
the image.

l2 = µg (l1) + (l − µg(l)) × (σg (l1)/σg (l)) (4)

a2 = µg (a1) + (a − µg(a)) × (σg (a1)/σg (a)) (5)

b2 = µg (b1) + (b − µg(b)) × (σg (b1)/σg (b)) (6)

Step 3: Conversion of the processed image Z from the LAB to the RGB color space and
finally to grayscale.

However, the Reinhard Normalization method has certain limitations, which are
outlined as follows:

1. The background luminance of the source image is not preserved in the processed
image, as Equation (4) states. For this reason, the Reinhard method is applied only to
the region inside the breast mask and not to the whole mammogram.

2. When the source image has greater contrast than the target image, it also transfers the
contrast statistics from the target to the source image, which may lead to a processed
image with a smaller contrast than the source image. This can be corrected by applying
contrast-improving techniques such as CLACHE.

3. Due to the global transfer of the mean color from the target image to the source image,
the same mean color is also transferred to all the pixels in the image. Thus, a sizeable
homogeneous portion associated with white luminance in the source image can be
affected by a faded color by this method. Histogram equalization and CLACHE can
alleviate this.

To help radiologists detect abnormalities by improving image contrast while removing
noise enhancement, a technique known as contrast-limited adaptive histogram equalization
(CLAHE) is used. The CLAHE technique is used to enhance the contrast of images.

The main steps of the CLAHE technique are:
Step 1: Partition the image into non-overlapping and continuous tiles.
Step 2: Each tile’s above-threshold clipped histogram is distributed evenly throughout

the entire range of intensity values.
Step 3: Application of histogram equalization (HE) of each tile.
Step 4: Bilinear interpolation mapping between adjacent tiles. Each mapped pixel

results from interpolating the four adjacent tiles’ intensity maps.
The adaptive approach redistributes the image’s brightness values by calculating

numerous histograms, each corresponding to a different area. This differs from reg-
ular histogram equalization (HE) or adaptive histogram equalization (AHE). As a re-
sult, it can strengthen edge definition and local contrast in each region of the mammo-
gram. On the other hand, details may be missed in some areas of a mammogram due to
over-enhancement.

Since the used datasets lack this information (breast tissue masks), we estimate the
breast tissue masks using a UNet 3+ network for breast tissue segmentation. In ref. [43], the
UNet architecture was first suggested for segmenting biomedical image data. Feature maps
are fully utilized by the UNet 3+ to increase computing performance and decrease network
parameters while increasing accuracy. Compared to its predecessors, UNet and UNet++,
UNet 3+ has fewer parameters because it redesigned skip connections to account for full-
scale information. UNet 3+ boosted its breast tissue mask segmentation performance by
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(1) using its deep supervision method and adjusting it to incorporate full-scale semantic
data. (2) Modifying the dense connection architecture to better accommodate for segmen-
tation using both high and low levels of detail from feature maps. A typical UNet 3+ is
depicted in Figure 8.
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ground truth. Colored arrows represent two types of skip connections: downward arrows for full-
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highlighting the symmetrical UNet topology).

UNet3+ consists of five main parts: the encoder module (down-sampling), the de-
coder module (up-sampling), the full-scale skip connection module, the full-scale feature
supervision module, and the classification guidance module.

The encoding part is the same as that of UNet. The encoder uses pooling and con-
volution to reduce the image size, which reduces the image resolution and causes some
detailed information to be lost. The full-size jump connectivity changes the interconnections
between the encoder and decoder and the internal connections within the decoder. Each
decoder layer in UNet3+ incorporates small-scale and same-scale feature maps from the
encoder and large-scale feature maps from the decoder, which capture fine-grained and
coarse-grained semantics at the full scale. The Full-scale deep supervision is proposed on
UNet3+ to generate a broadside output supervised by ground truth at each decoding layer.

In continuity, an image pyramid in different scales is constructed for each mammo-
graphic image, and a vast number of halve non-overlapping patches are extracted inside
the breast tissue mask to feed the VGG16-based classifier. The classifier is responsible for
classifying the extracted patches to Normal/Benign/Malignant.

Data scarcity is among medical imaging AI research’s most common limiting factors
in diagnosis tasks where a patch-based approach is followed, as here, extracting multiple
samples from one image can aid in overcoming the data scarcity issue to some extent.
As seen from the total statistics of the datasets used in Figure 6 and Table 1, patches
from category ACR-D are less than the other three BI-RADs ACR categories. We have
utilized the extraction of patches under multiple zoom scales in an overlapping manner and
various augmentation variations, including rotation, variations in brightness, flipping, etc.,
to construct almost balanced pairs of ACR-A/ACR-D and ACR-B/ACR-C categories.
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Although balancing the sets is not a strict requirement for a CycleGAN model to work,
it is preferable. Otherwise, some pair inputs may be seen more times than others in the
training phase. With the above approach, two unpaired sets were constructed. The first set
contained patches of ACR-A and ACR-D categories, a total of 8 million patch images, while
the second set had around 6 million patches of ACR-B and ACR-C categories. The second
set was used to train only the middle CycleGAN node, while the first was used for training
the gGANHopper model in charge of transforming a patch of type ACR-A to ACR-D type
and vice-versa via the middle CycleGAN-based model.

7. Experimental Results
7.1. Image Quality Evaluation

To evaluate the quality of the synthetically produced images by the proposed GAN
network, we have used the Fréchet Inception Distance (FID) [28] and the Inception Score
(IS) [29] described by Equations (7) and (8). The FID and IS metrics were introduced to assess
the quality and similarity of images generated by generative adversarial networks (GAN).

FID = ||µ r − µg
∣∣∣∣2 + Tr

(
Σr + Σg − 2

√(
ΣrΣg

))
(7)

(a metric for quantifying the realism and diversity of images generated by GANs)

IS = exp
(

Ex−pg DKL(p(y|x)||p(y)) (8)

(a measurement of distance between distributions of real and generated images by GANs)
The Inception Score was calculated using the Inception v3 neural network, which

was trained on the ImageNet dataset for image classification. This score combines the
confidence of the conditional class predictions for each synthetic image (quality) and the
integral of the marginal probability of the predicted classes (diversity). The metric relies
on extracting features from real and generated images using the Inception network and
then comparing the distribution of the extracted features using the Kullback-Leibler (KL)
divergence. The lowest IS can be zero, and the highest IS can be infinity. A higher IS is
always better. The FID extends the inception distance calculation using the Fréchet distance
to compare the actual and generated image feature distributions, which measures the
distance between two multivariate Gaussian distributions. The lower FID score represents
that the quality of images generated by the generator is higher and similar to the real ones.
Figure 9 depicts the inception score for the used datasets.

Each dataset’s Inception Score (IS) is low since the GAN model is trained on classes
outside the Inception Network’s known cases.

Figure 10 depicts the variation of the Fréchet inception distance (FID) for all the
breast density-transformed datasets measured at frequent checkpoints during the training
procedure. Since our method generates images with completely different label sets than
those in ImageNet’s training set, we expect the FID metric to be low in our experiments. A
high score would indicate that the generated images lack intra-class diversity or that the
generator uses training data repetitively.

Image quality assessment (IQA) is necessary to quantify differences between images
accurately. Subjective and objective IQA techniques are generally used to assess an image’s
quality. In a subjective measure, an image is examined by persons (usually a group of
experts) who then provide their assessment. This metric is considered the best approach as
it allows uniformity in evaluating the images. However, conducting a subjective measure
can be costly, time-consuming, and uncomfortable to yield a trustworthy result. This makes
sense since human engagement is closely related to their ability, knowledge, and insight.
For example, a radiology-trained physician is required to examine breast medical imaging.
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Over the past few decades, various appealing metrics connected to objectively as-
sessing such images have been established in recognition of the drawbacks of a subjective
approach. The peak signal-to-noise ratio (PSNR) and the structural similarity index mea-
sure (SSIM) [44] are the most often used metrics for evaluating image quality independently
of the image field. While these metrics are acknowledged as a universal indicator of image
quality, their sensitivity is lower than that of a human visual system (HVS). Because they are
straightforward to compute and have the ability to decipher an image’s physical meaning,
they are regarded as standard measures. The human visual system’s contrast perception is
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incorporated into PSNR-HVS [45], an extension of PSNR. PSNR-HVS-M [46] builds upon
PSNR-HVS by further accounting for visual masking.

PSNR concentrates on pixel-by-pixel comparison. Although a higher PSNR generally
indicates that the transformation is of higher quality, in some cases, it may not. SSIM
is correlated with the quality and perception of the human visual system. Instead of
using traditional error summation methods, the SSIM measures the difference in the image
transformations as a combination of three factors: loss of correlation, luminance distortion,
and contrast distortion. SSIM values towards 1 denote transformations that produce images
almost identical to the source image. PSNR performs poorly in discriminating structural
content in images since various types of degradations applied to the same image can yield
the same outcome. For PSNR-HVS, image differences are reflected in mean square errors
weighted in the DCT domain with specific weights. Any changes in the contrast or shifts of
the mean intensity led to non-zero MSE, resulting in smaller PSNR-HVS values. Larger
values correspond to better visual quality regarding the source image.

For each ACR-transformed image patch of the testing set, we calculate the PSNR,
SSIM, PSNR-HVS, and PSNR-HVS-M metrics in two experiments: The first experiment
examines the GAN model’s cycle consistency, and it is used to assess the quality of the
generated patches. In this experiment, we transform each patch’s density back to its initial
by following the shortest path of the five-node GAN model. In particular, if the patch is of
type ACR-B, we convert it to ACR-A via nodes 2 and 1 and back to ACR-B following the
reverse path. This experiment establishes the maximum expected quality of the generated
images. Table 2 shows the average IQA metrics for the datasets. This experiment sets the
ceiling for the expected quality of the generated images. Table 3 displays the average IQA
metrics for the datasets.

Table 2. Quality Metrics for GAN cycle consistency per dataset.

Dataset PSNR SSIM PSNR-HVS PSNR-HVS-M

MIAS 19.74 0.68 13.05 13.92
CBIS-DDSM 19.51 0.73 170.25 171.97

VinDR 23.44 0.76 22.50 23.10
CDD-CESM 23.05 0.76 23.61 24.05

INbreast 25.47 0.86 19.53 22.50
SuReMaPP 25.16 0.83 63.34 65.41

Table 3. Quality Metrics for GAN-transformed patches.

Dataset PSNR SSIM PSNR-HVS PSNR-HVS-M

MIAS 19.38 0.70 13.40 14.33
CBIS-DDSM 19.03 0.78 169.76 171.3

VinDR 26.10 0.85 24.3 25.1
CDD-CESM 21.36 0.86 21.35 22.74

INbreast 25.27 0.86 19.35 22.06
SuReMaPP 24.85 0.88 31.27 33.32

The following evaluation is performed on all transformed patches via the 6-hop
CycleGAN/gGANHopper-based model, and it is used to denote the extent of changes
applied when all the patches are converted to the ACR-A category. Table 3 displays the
average IQA metrics for this experiment. From the comparisons of Tables 2 and 3, we can
estimate the extent of changes imposed by the GAN model in the patches when applying
the based breast density transformations.

For comparative purposes, we cite that if the bit depth is 8 bits, the accepted values
for the PSNR in lossy image compression applications are between 30 and 50 dB, with
higher values being better. A smaller PSNR-HVS than PSNR indicates that the distortions
caused by the breast density modifications are more akin to spatially correlated noise,
non-Gaussian (heavy-tailed) noise, or both [47]. A masking effect of the image content is
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sufficient if PSNR-HVS-M is significantly larger than PSNR (this indicates that the image
is presumably very textural). Conversely, if PSNR-HVS-M is about equal to or less than
PSNR, distortions resemble spatially correlated noise, and/or there is no masking effect.
Recall that distortion visibility thresholds are about 35–38 dB according to the metric PSNR
and about 40–42 dB according to the metric PSNR-HVS-M [47].

7.2. Recognition Accuracy

To assess the performance of the suggested technique for each of the previously
described mammographic databases, we employed the Precision, Recall, Accuracy, and
F1-score metrics evaluated as follows:

Precision =
True Positive

True Positive + False Positive
× 100% (9)

(The percentage of correct positive predictions to total positive predictions.)

Recall
Sensitivity

=
True Positive

True Positive + False Negative
× 100% (10)

(The ratio between the number of correct positive predictions and actual positive observations.)

Accuracy =
True Positive + True Negative

Total
× 100% (11)

(The ratio of the number of correct predictions to the total observations)

F1 = 2× Precision× Recall
Precision + Recall

× 100% (12)

(The F1 score represents the harmonic mean of both Precision and Recall.)
Figures 11–16 demonstrate the CNN model’s performance based on the VGG16 classi-

fier before and after the ACR transformations. Across all the figures, the measured metrics
for each dataset used have significantly improved. The results on the left of each vertical
dotted line (i.e., in Figure 11 denoted as Before Breast Density Transformation) correspond
to the initial CNN performance, while the right part of the dotted line (i.e., in Figure 11
marked as After Breast Density Transformation) corresponds to the CNN’s performance
after applying the proposed density transformations via our model.

Similarly, the results for the rest of the datasets used are presented in the following figures.
For the CBIS-DDSM dataset (Figure 12), the precision was boosted from 67% to 85%

after gGANHopper transformations.
For the CDD-CESM dataset (Figure 14) and INbreast dataset (Figure 15), the precision was

boosted from 79% to 95% and from 88% to 99% after gGANHopper transformations, respectively.
For the SuReMaPP dataset (Figure 16), the precision increased from 90% to 97% after

gGANHopper transformations.
Figure 17 presents a graphical summary of the experimental results across all datasets

used in this study. The interpretation of this figure is as follows:
The overall classification performance of the VGG16-based classifier improved signifi-

cantly, increasing from an initial accuracy of 72% to 95% through three steps of analysis. In
Step 1, before applying the gGANHopper transformations, the classifier showed varied
error rates across different ACR categories. Specifically, patches in the ACR-C category
exhibited the highest error rate (69.7%), followed by ACR-B (13.8%), ACR-D (13.3%), and
ACR-A (3.3%). This indicates that the classifier was most error-prone for ACR-C patches
and least for ACR-A. Notably, ACR-B and ACR-D demonstrated similar contributions to
the classification errors.
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Figure 17. Impact of breast density transformations on classification performance. Top: CNN false
report distribution by ACR class (left) and improvement after gGANHopper transformations (right).
Bottom: Distribution of remaining misclassified cases by ACR type and malignancy class (left) and
relative proportions across ACR categories (right).

In Step 2, the gGANHopper transformations were applied exclusively to the misclassi-
fied patches from Step 1. This approach improved the total classification accuracy to 95%.
False responses were reduced by 37.63% for the ACR-C category, leaving only 32.04% of
the initial ACR-C patches misclassified. These results highlight the value of gGANHopper-
based breast density transformations in enhancing classification performance, as dense
regions of interest (ROIs) often obscure critical features needed to distinguish between
benign and malignant regions.

In Step 3, a detailed breakdown of the results from Step 2 is provided. The right lower
bar graph illustrates the classification outcomes for the remaining patches across Benign,
Malignant, and Normal categories. Specifically, the remaining misclassified ACR-C patches
(32.04% from Step 2) were further decomposed into 41.6% Benign, 23.5% Malignant, and
34.9% Normal patches. Notably, the final misclassification errors were predominantly
attributed to the ACR-B and ACR-C categories, with ACR-C showing a higher prevalence.
In contrast, patches from the ACR-A category exhibited satisfactory classification perfor-
mance, with minimal room for further improvement. However, patches from the ACR-D
category were heavily impacted by masking effects, resulting in limited reversibility and
significant degradation in classification performance.
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The left lower bar graph provides additional insights, illustrating the redistribution
of Normal ROI patches across ACR categories, with a reduction in ACR-D patches and
an increase in ACR-A patches. Conversely, Benign and Malignant ROIs exhibit an op-
posing pattern across the ACR types. These findings highlight the complex interplay
between breast density categories and classifier performance, demonstrating the impact of
gGANHopper transformations on enhancing classification accuracy.

A depiction of the system response utilizing a full mammographic image can be seen
in Figures 18 and 19. Figure 18 showcases six notable areas before and after the ACR
category transformation to the ACR-A class. According to the database annotations, the
findings are enclosed in the gray outline region. At first, the CNN classifier accurately
identified four marked regions (Violet tick mark) as Benign/Malignant. The false responses
of the CNN classifier (6 ROIs are erroneously recognized) are fed to the gGANHopper
model to reverse the surrounding tissue’s masking effect. Considering the ACR type of the
ROI, the gGANHopper model regenerates the ROIs under examination to the ACR-A type.
The CNN re-evaluates the transformed ROIs of this process, and the combined results are
presented to the expert user. In the above example, 2 ROIs after the transformations to
ACR-A are still classified wrongly by the CNN (Red circle with x).
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The CNN response is depicted for nine annotated ROIs. ACR transformations are performed for the
faulty CNN verdict, marking the final CNN decision.
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Figure 19. Annotated ROI with ACR-D characteristics, histogram, and heatmap for the ROI before
and after ACR transformations.

We’ve included Figure 19, showcasing a histogram displaying intensity values for a
marked ROI (Malignant ACR-D case) before and after its ACR transformation. Additionally,
we’ve utilized Class Activation Mapping (as referenced in [48,49]) to highlight the specific
areas within the input ROI that the CNN considers when making decisions. The resulting
activation map is presented as a heatmap, where lighter regions indicate greater prominence
in the predictive process than darker ones.

At this point, a necessary clarification is whether the above methodology can be
applied in an image filter manner to enhance the classifier performance. The latter implies
that the GAN-based breast tissue transformations will be used for all the extracted patches
inside the breast tissue mask and not only for the faulty ones classified by CNN. Apart from
the computational cost and the escalation in the time needed, using the class activation
mapping visualization, one can comprehend the functionality and the number of changes
the filter incurs. Because the number of extracted patches for all the datasets used is
massive, we have randomly picked about 300 K patches from the total 12 M patches and
fed the classifier. The outcome denotes that although applying the filter to the whole set
of extracted patches inside the breast tissue mask may be slightly beneficial, the time and
resources needed make it not applicable. Figure 20 depicts some representative cases from
this experiment via the class map activation visualization.

The first column includes the input ROI patch (type, ACR class, and BIRADS class are
given) before feeding the CNN classifier (but after the image processing steps); the second
column displays the CAM, in other words, the regions from where the CNN classifier infers
the final verdict (the brighter the areas the most significant they are). In contrast, the third
and fourth columns correspond to the CAM of the same ROI patch after applying GAN-
based breast transformations. From a simple overview, one can see the improvement of the
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classifier discernment by observing the enlargement and enchantment of the prominent
areas while maintaining the ROI image structure.
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8. Discussion

Women with denser breast tissue are more likely to develop malignant regions than
those with less dense tissue. Hence, breast tissue density is a known risk factor for cancer
development. However, whether benign or malignant, breast abnormalities can often be
disguised by glandular and connective tissue, making it difficult for computer-aided diagnosis
tools and radiologists to detect them early in follow-up screening. Cancerous regions may be
concealed by healthy tissue because connective tissue, glandular tissue, and cancers appear as
white spots on mammography. Breast density evaluated by mammography is a significant
independent risk factor for breast cancer. Dense breast tissue, which appears white or light
grey on mammograms, contains more stroma, including collagen, and less fat [50,51]. Normal
breast tissue includes 1–6% epithelial cells, contributing to density [52,53]. Some studies have
found that the number of epithelial cells is higher in dense breasts, while [51] others have found
no difference depending on breast density [53–55]. Our methodology considers the density of
the analyzed region of interest (ROI) by making an effort to “uncover” and expose the tissue
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effect’s hidden features. In this study, we used two types of public screening mammography
datasets, film and digital, to demonstrate the effectiveness of our proposed method.

The foundation of our approach is to transform the ACR density of ROI under exami-
nation to the equivalent of ACR-A to reveal underlying findings. We are more interested
in ROIs of ACR density categories ACR-C, ACR-B, and ACR-D, which account for over
90% of all female breast cases. As expected, the density transformation of ROIs of type
ACR-A back to ACR-A via the gGANHopper model (a cyclic transformation of an ROI
that is, by nature, a foundation property of CycleGAN) contributes very little compared
to the transformations of the other three breast density categories. We did not optimize
the CNNs/GAN topologies regarding hyperparameters to focus only on reversing the
ACR type of ROIs. CNN-based models with greater complexity, sophistication, and pre-
cision in the specific medical application can minimize the overall set to which the ACR
transformations are applied, thus reducing the total time needed.

Furthermore, as we hypothesized, the gGANHopper model learned how to translate
from high (ACR-D) to low (ACR-A) breast density, preserved the domain characteristics
during translation, and gave an excellent total performance. During the evaluation phase,
we examined the case of applying the method as a preprocessing step before feeding
the CNN classifier, and although the outcome in terms of accuracy remained almost the
same, the time needed was increased drastically. One must evaluate our method as a last
resort to retrieve false responses of DL-based solutions. The method is advisable to be
applied especially in dense tissue regions, which is considerably a smaller search space
regarding the whole mammography, and the outcome is to be combined with that of the
DL-based solution of detecting malignancies. Although more data are needed to thoroughly
examine the extent of this reverse process, in all the datasets used, the overall percentage of
successful recognition for Normal/Benign/Malignant ROIs improved significantly. Our
approach was based on patches inside the breast density mask, which a UNet 3+ model
provided. Still, we firmly believe that a similar approach with whole breast regions may
work either by handling the area as a whole or via patch-segmented regions to several
zoom scales.

In the case of unpaired images, quantitative evaluation of the transformed images is
challenging since there are no standard or universal criteria for evaluating correctness [56].
Because of this, determining the quality of transformed images is a difficult and open subject
whose metrics change based on the application’s particular requirements. Most previously
published work depends on application-specific metrics or human volunteers visually
examining the modified images. Analyzing the transformed image visually remains the
most popular and natural way to assess the quality of the transformation. In terms of IQA
metrics associated with the quality of the images generated by the GAN model, one must
consider that IQA metrics are divided into two categories: (i) subjective assessment, which
is judged by human beings (radiologists in this application), and (ii) objective assessment,
which is computed with mathematical algorithms. We stick with the second category since
we are not replacing the original ROI and presenting the modified mammography with the
generated ROI, but we feed the classifier with the GAN-based transformed ROI and reassess
the specific area. The generated ROIs produced by the GAN model are 8-bit grayscale and
256 × 256 in size, and even the most trained human expert eye cannot confidently evaluate
them as normal, benign, or malignant. The IQA metrics in medical images have two
significant issues: they do not identify any abnormalities in the areas, and the image quality
score is not a valid indicator of diagnostic accuracy. IQA metrics and diagnostic quality
evaluation are different [57]. GANs are notorious for introducing artifacts in the output
images, which is another reason IQA metrics must not be taken strictly. The fabricated
textures introduced by GAN models undermine the integrity of the images and degrade the
quality of the information they carry. These artifacts can be resolved with longer training
epochs and more unpaired image samples. From the comparison of Tables 1 and 2, we
can see that the GAN-based breast density transformations have a negligible impact (a
deterioration of metrics is monitored since we are compulsory transforming the patches
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from any ACR type to ACR-A) on IQA metrics, denoting that the changes performed
do not alter in great extend the ROI patch and support our allegations, that the GAN
transformations preserve the source domain characteristics. Also, domain disparities
between the source and the target domain (here, the four ACR categories) significantly
impact the perceptual realism of the synthetic patches.

Regarding performance, for film mammography datasets (MIAS, CBIS-DDSM), the
accuracy improvement is up to 18%, which can be attributed to the GAN model’s ACR
reverse transformation process acting as an image enhancement step. However, the image
quality of these datasets is inferior to that of fully digital ones (VinDR, SuReMaPP, INbreast,
CDD-CESM), where the accuracy improvement is up to 29% at most, as these mammograms
have better quality with no extreme intensity variations. When dealing with datasets
acquired with equipment variations in hardware and time, the Reinhard Normalization
and CLACHE techniques produce a common reference and make mammography sets
acquired under different environments usable in mixed CNN-based solutions. Last, for all
the datasets used (both film and digital), according to Figure 17, the increase in performance
is 23% in total when the GAN-based breast density transformations are applied. The
number of remaining patches of type ACR-A is below 2%, while the prevailing type of the
remaining patches is ACR-C, with 32% for the categories Normal/Benign/Malignant. The
CNN classifier was shown to be error-prone, especially for patches in categories ACR-C
(69.7%), ACR-B (13.8%), and ACR-D (13.3%), since dense regions can mask key features
needed to distinguish abnormalities.

Our study has a few limitations; one is the need for a perceptual study conducted
by radiologists regarding the produced GAN-based patch images. This perceptual study
will provide a post hoc explanation to comprehend the approach’s learned mapping. Our
method does not replace manual healthcare diagnosis but rather provides a tool that can be
used by expert radiologists as a second (or, in some cases, third) reader to assist them in
their diagnostic task. Although the advanced mathematics that underpins deep learning
training algorithms is conceptually straightforward, their designs are more of a “black
box.” Another issue is the availability of healthy ACR-D type mammograms (or regions)
for training the GAN models. Because few annotated digitized datasets are available to the
public, a limited set of mammograms must be used. Finally, another difficulty stems from
the problem’s imbalanced nature; the ratio between the various ACR classes is far from
equal, necessitating additional datasets.

9. Conclusions

Breast density can undoubtedly affect the accuracy of routine breast cancer detection
methods, such as screening mammography. Early detection and classification of breast
tumors are increasingly required to reduce the risk of death among cancer patients. Normal
dense breast tissue appears white, and breast malignancies or tumors appear white, so
dense tissue can conceal some tumors. In this study, we propose a method to reverse the
masking effect of breast density levels and increase the performance of the DL classifier
by projecting the misclassified ROIs in the breast density category ACR-A via GAN-based
models. Consistent with our experimental findings, the gGANHopper-based approach
successfully learned to transform ROI’s breast density from high to low (and vice versa,
although the first transformation is of more significant concern since we are interested in
revealing details masked by tissue) while preserving all domain features necessary for
accurate classification of cases to Normal/Benign/Malignant. In the future, we aim to apply
the same concept to the whole breast region, considering the local type of Mammographic
Breast Density (MBD) and the surrounding information from neighboring areas.

In summary, we developed a CycleGAN/gGANHopper-based approach to generate
plausible mammogram ROI patches with ACR-A breast density appearance using a learned
transformation between any of the other three ACR types. We showed that GAN-generated
ROIs can help increase the classifier’s performance by unveiling findings that otherwise
would have been discarded. Our technique could help doctors and radiologists identify
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worrisome ROIs and arrange treatments early, perhaps preventing complications and
treatment challenges. Further evaluation of the clinical realism of the synthetic patches
produced is needed.
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