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Abstract

Breast cancer continues to be one of the most lethal cancer types, mainly affecting women. However, thanks to the uti-
lization of deep learning approaches, there has been a considerable boost in the performance of the methods for breast
cancer detection. The loss function is a core element of any deep learning architecture with a significant influence on
their performance. The loss function is particularly important for tasks such as breast mass segmentation. For this task,
challenging properties of input images, such as pixel class imbalance, may result in instability of training or poor detec-
tion results due to the bias of the loss function toward correctly segmenting the majority class. We propose a hybrid loss
function incorporating both pixel-level and region-level losses, where the breast tissue density is used as a sample-level
weighting signal. We refer to the proposed loss as Density-based Adaptive Sample-Level Prioritizing (Density-ASP) loss.
Our motivation stems from the observation that mass segmentation becomes more challenging as breast density increases.
This observation makes density a viable option for controlling the effect of region-level losses. We also propose to evaluate
the method using automated density estimation approaches. To demonstrate the effectiveness of the proposed Density-
ASP, we conducted mass segmentation experiments using two publicly available datasets: INbreast and CBIS-DDSM. Our
experimental results demonstrate that Density-ASP improves segmentation performance compared to the commonly used
hybrid losses across multiple metrics.

Keywords Breast cancer - Hybrid loss function - Region-level loss - Pixel-level loss - Density estimation - Pectoral
muscle - Mass segmentation - Deep learning

1 Introduction

Despite significant progress in breast cancer screening over
the last decade, breast cancer remains one of the most fatal
cancer types among women [1]. Mammography is the most
common screening tool for breast cancer detection, which
has been shown to reduce the mortality rate [2]. Automated
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breast cancer detection using mammography could help to
reduce the cost of a second reader [3, 4] while at the same
time increasing the chance of early detection.

Powered by the well-proven effectiveness of deep learn-
ing, recent research work on abnormality detection has
achieved promising results. However, these methods are
still restricted by limitations, such as pixel class imbalance
[5], which can adversely affect results in various tasks such
as mass segmentation. These limitations often stem from the
design of the loss function. In most cases, using a hybrid
loss function - the weighted sum of different loss functions
- has been shown to be more beneficial compared to non-
hybrid loss (using only one type of loss function). Although
using the de-facto hybrid loss [5—7] - a weighted sum of
Dice [8] and Binary Cross Entropy (BCE) [9] losses - has
been shown to provide stability and robustness, the success
of recent work on adaptive loss weighting strategies indi-
cates that hybrid loss could be significantly improved by
a sample-level design. Following the design of the Adap-
tive Sample-Level Prioritizing (ASP) loss [10], which uses
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the mass ratio in the loss weighting strategy, we propose
to employ the breast tissue density associated with each
sample in the loss weighting strategy. In this study, we used
the breast tissue density defined by the American College of
Radiology (ACR) as presented in the datasets. ACR defines
the breast density as "a comparison of the relative amounts
of fat versus fibroglandular tissue in the breast" [11]. In
BIRADS fourth edition [11], there are four density catego-
ries: (A) Almost entirely fat, (B) Scattered fibroglandular
densities, (C) Heterogeneously dense, and (D) Extremely
dense.

The rationale behind selecting breast tissue density as the
sample-level signaling feature for hybrid loss stems from
the observation that breast density (which represents the
composition of fat, fibrous, and glandular tissues) is cor-
related with mass segmentation’s difficulty. In the case of
automatic detection from a single view, higher tissue den-
sity might be mistaken for an abnormality and increase
the false positive rate. Therefore, the breast tissue density
of each sample could provide valuable information during
training. How to best leverage the information conveyed by
each density category for training purposes is an important
research question which we attempt to explore in this paper
by introducing a region-level loss term in the hybrid loss.
The benefit of the region-level loss term lies in the observa-
tion that comparison between the regions (rather than pix-
els) could result in the reduction of false positive and false
negative rates by considering the dependencies between the
pixels (via including surrounding pixels in the calculation
of the loss).

The Density-ASP loss function proposed in this paper
consists of pixel-level and region-level losses. In this paper,
loss functions such as Dice and BCE that consider pixels
independently in the calculation of the loss are referred to as
pixel-level losses. On the other hand, the loss functions that
take the dependencies between the pixels into consideration
are referred to as region-level losses. For the pixel-level loss
term, we have combined Dice [5] and BCE [9]. The com-
bination of these losses has been shown to help address the
issue of pixel class imbalance and increase training stabil-
ity [6]. For the region-level loss term, we have combined
Structural Similarity Index (SSIM) [12] and Region Mutual
Information (RMI) [13]. It should be noted that the term
hybrid applies to Density-ASP as well as each of the pixel-
level and region-level terms (as they consist of two losses
in their own categories). Instead of employing fixed weights
[6, 7] for each loss term, following the ASP loss methodol-
ogy [10], we propose to use the ACR breast density category
as an indicative signal for prioritizing the region-level loss
term over the pixel-level loss term and vice versa. There-
fore, the region-level loss is an adaptive loss term that will
be prioritized for samples with higher density.
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As mentioned before, breast tissue density is available
in the examinations in most publicly available datasets and
in the clinical setting. Breast tissue density is useful for two
main reasons. First, it is shown that the possibility of devel-
opment of the cancer is higher when breast tissue density
is high [14]. Second, it is more challenging to distinguish
the abnormalities from the normal tissues, which leads to
unrecognized cancerous tissue and eventually decreases the
chance of early detection and successful treatments. As den-
sity is assigned by the radiologists, differences of opinion
between the radiologists might result in variation between
the categories assigned to similar (in terms of density) sam-
ples, resulting in inconsistency in the labeling. Therefore,
we speculated that this possible inconsistency might affect
the results of the proposed method. In order to validate this
hypothesis, we utilized a publicly available density estima-
tion approach on the INbreast dataset. It would enable a
unified density category labeling for all the samples. The
Openbreast [15] software was used for automated density
estimation. The presence of the pectoral muscle, which has
a high brightness similar to breast tissues, makes the esti-
mation more challenging; hence, to mitigate this effect, the
pectoral muscle is removed before density estimation. In
addition, the baseline method was also tested using images
in which pectoral muscle was removed. Using AU-Net [6],
which is a modern and effective variation of U-Net [16],
as the baseline architecture, the Density-ASP loss has been
evaluated on two benchmark datasets for mass segmenta-
tion: INbreast [17], and CBIS-DDSM [18]. The results of
our experiments illustrate that Density-ASP loss provides
considerable performance improvements compared to com-
monly used hybrid losses.

The contributions of this paper are listed below:

e Incorporating both pixel-level and region-level losses in
the Density-ASP loss function.

e Employing breast tissue density as a prioritizing signal
for adaptive sample-level prioritizing loss function for
mass segmentation on whole mammograms.

e Evaluating Density-ASP on two benchmark datasets,
INbreast and CBIS-DDSM.

e Performing ablation studies on the INbreast dataset to
measure the effect of using automatically generated den-
sity labels as a prioritizing signal.

e Measuring the effect of removing pectoral muscle in the
experiments.

e (Quantitatively analyzing and comparing the findings
of our experimental results for Density-ASP loss with
the traditional hybrid loss for the baseline approach and
state-of-the-art mass segmentation methods.
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In the following sections, we first review related work in
the field. Then, we explain the proposed method in detail.
Next, we present our experimental results, analysis, abla-
tion study, and comparison with state-of-the-art methods.
Finally, we provide our conclusions and future research
directions.

2 Related work

Recently, deep learning-based approaches have shown great
promise in abnormality detection in medical images, with
many studies achieving more accurate mass segmentation
results compared to traditional approaches. In this section,
we aim to briefly review the related work in deep learning-
based approaches for breast mass segmentation, catego-
rizing them into two groups: breast mass segmentation in
whole mammograms and loss functions for binary segmen-
tation of medical images.

2.1 Mass segmentation on whole mammograms

The majority of breast mass segmentation approaches fall
into one of the following categories based on the type of
input they receive: region of interest (Rol) and whole mam-
mogram. Rol-based mass segmentation approaches [19]
have different properties, challenges, and strategies com-
pared to methods using whole mammograms [6, 7]; thus, in
this section, the primary focus is on reviewing related work
in the latter category.

Inspired by [20], one of the pioneer deep learning-based
approaches for segmentation, Ronneberger et al. proposed
U-Net [16], which is a fully convolutional symmetric
encoder-decoder architecture that is instrumental for seg-
mentation tasks with limited training data. This property
of U-Net makes it specifically favorable for medical image
segmentation, where data scarcity is a relatively common
limitation. U-Net combines low-level location information
from the encoder with high-level semantic information from
the decoder.

Thanks to the effectiveness of U-Net, a new wave of
variations for different medical tasks has emerged [21-27],
continuing to push the performance boundaries of medical
image segmentation. In this context, the method proposed
in [28] introduced a similar encoder-decoder architecture
(leveraging dense blocks) where multi-scale information is
utilized in the network. To enhance the performance of the
network without additional parameters, atrous convolution
[29] with various sample rates was used in the last encoder
block. Li et al. [30] proposed another U-Net-based approach
based on the idea of utilizing a densely connected net-
work in the encoder and a CNN with attention gates in the

decoder. Another line of research within the scope of multi-
scale studies is [31], where the generator was designed as
an improved version of U-Net. Before sending the segmen-
tation results to the discriminator, multiscale results were
created for three critics with different scales in the discrimi-
nator. Ravitha et al. [32], developed an approach employ-
ing the error of the outputs of intermediate layers relative to
the ground truth labels as a supervision signal to boost the
model’s performance.

Sun et al. [6] introduced an attention-guided dense-up-
sampling asymmetric encoder-decoder network (AU-Net)
with an intermediate up-sampling block, which includes a
channel-wise attention mechanism designed to leverage the
beneficial information presented in both low and high-level
features. To mitigate the problem of relatively low perfor-
mance of the U-Net approach on small-size masses, Xu et
al. [7] proposed to use a selective receptive field module
with two parts, one for generating several receptive fields
with different sizes and one for selecting the appropriate
size of the receptive field. AU-Net has been chosen as the
baseline model in this study.

2.2 Loss for medical image segmentation

The choice of a suitable loss function, conveying the desired
objectives of the task performed by a network, has a tremen-
dous impact on the training process and overall performance
of the network. Among the previously introduced losses for
segmentation, while some consider the pixels independent
entities, others seek to take regional information into con-
sideration to capture the dependencies between the pixels.
The first group is generally regarded as pixel-level losses,
and the latter as region-level losses in the literature. Con-
sidering that both categories are relevant to this research,
we provide a concise summary of related studies in both
groups, starting with pixel-level approaches and emphasiz-
ing the ones proposed for the medical domain.

Binary segmentation could be considered as the classi-
fication of pixels into positive (foreground) and negative
(background) classes. A common loss function for this task
is the BCE loss [9] (Eq. 1), which penalizes the discrepancy
between predicted and ground truth classes for all pixels.
Weighted Binary Cross Entropy [33] and Balanced Cross
Entropy [34] are two BCE variants that differentiate between
the effect of false positives and false negatives through
weighting coefficients. Focal loss [35] further improved
BCE by changing the magnitude of the loss according to
the hardness of the examples based on the confidence of the
model. Dice loss [8] is suitable for addressing the pixel class
imbalance problem [36], formulated as the ratio of correctly
classified pixels to the total number of positive pixels in the
prediction and ground truth masks (Eq. 2). Tversky loss [37]
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provides a way to control the contribution of the false posi-
tive and the false negative terms in the Dice loss by weight-
ing these terms.

All the aforementioned losses belong to the pixel-level
category (i.e., they consider the pixels independently).
While providing effective training signals for the network,
they neglect to consider the relationship among pixels,
which could provide a considerable boost, notably for cases
with irregularity in shapes. Initially proposed for image
quality assessment, SSIM [12] has been incorporated in the
segmentation loss for medical image segmentation [38] and
has inspired several region-level losses. SSL [39] and RMI
[13] are two examples of region-level losses developed for
segmentation. It should be noted that both of these losses
consider a fixed-size window around each pixel as the
region (a region is defined for each pixel) rather than a fixed
location (a region is a fixed location in a grid) in the ground
truth and the prediction as utilized in [40, 41].

SSIM [12] uses luminance, contrast, and structure in
measuring the differences between two regions. Inspired by
the influence of the structural term in the SSIM, which has
the potential to be customized for segmentation purposes,
the authors of Structural Similarity Loss (SSL) [39] pro-
posed to weight the cross-entropy of every two pixels based
on the structural error (error between two image regions
which indicates the degree of linear correlation) while
ignoring pixels with low error and emphasizing on pixels
with high error by thresholding the error rate. With the goal
of maximizing the structural similarity between images,
RMI [13] first converts the region around a center (pixel)
to a multi-dimensional point (for a 3x3 region, it will be a
9D point) and then maximizes the MI between multidimen-
sional distributions.

Several compound losses [35, 37, 42] have been proposed
to reap the benefits of different losses by combining two or
more of them. Combo loss [42] has been proposed to con-
trol the contribution of false positive and false negative by a
weighting strategy in the BCE loss term where the total loss
is a weighted sum of BCE and Dice loss. In adaptive sample-
level prioritizing loss, we have proposed a novel approach
to weight the loss terms (Dice and BCE) dynamically. This
is performed in an adaptive manner by controlling the influ-
ence of each loss according to each sample using the ratio
of the mass to image size as a weighting signal. It should be
noted that ASP has three versions: quantile-based, cluster-
based, and learning-based. In the quantile-based ASP, the
images are grouped based on the quantile to which the ratio
of the mass belongs. In the cluster-based version, the cat-
egory of an image is identified according to the K-means
clustering of the ratios. Finally, the learning-based ASP is a
parametrized version of the ASP loss.

@ Springer

We follow the same dynamic weighting strategy as ASP
loss [10]. However, instead of utilizing the size of the mass,
we opt to utilize the breast tissue density, which is mostly
related to the difficulty of the segmentation. In addition,
instead of solely using and weighting pixel-level losses, we
introduce a combination of hybrid pixel-level and region-
level losses.

2.3 Pectoral muscle removal

Pectoral muscle removal was utilized as a preprocessing
step for the automated density estimation and in ablation
studies for the proposed method. Hence, in this section,
we provide a review of the previous methods proposed to
tackle the pectoral muscle removal task. According to a
recent study [43], thresholding [44—47] and region grow-
ing [48-50] are among widely used approaches for pectoral
muscle removal.

The core idea for thresholding is based on the observa-
tion that the brightness of the pectoral muscle is generally
higher than the neighboring regions; therefore, by elimi-
nating pixels lower than a certain threshold, the region for
the pectoral muscle will the extracted. This idea, coupled
with the utilization of the orientation of the breast (whether
the breast is on the left or right side of the image) and the
generic shape of the muscle, has been used in the literature.
In this category, Subashini et al. [45] used a thresholding-
based approach for pectoral muscle removal in which they
first extracted the rectangle in the image where the pectoral
muscle was assumed to be located and then used thresh-
olding within the rectangle to detect the muscle. Tayel et
al. [46] proposed an approach that eliminates the need for
a predefined region. In the same category, Czaplicka et al.
[47] proposed to use a multi-level thresholding method, and
Shrivastava et al. [51] developed a method using sliding
window for thresholding.

The second category of methods for pectoral muscle
removal consists of region-growing-based methods. In gen-
eral, these methods start with initial seeds; then, according
to certain similarity metrics, they continue adding a new
neighboring pixel to a region until a termination criterion
is met [48]. Chen et al. [52] proposed to use a pixel near
the border between the pectoral muscle and the breast tis-
sue (which was approximated) as a starting seed. Instead
of using the approximation of the location for the border,
Nagi et al. [53] used the approximated location for the pec-
toral muscle after determining the orientation for the breast
to place the initial seed. Maitra et al. [54] introduced several
improvements to the previous method. For seed selection,
they proposed to use the diagonal of a defined rectangle
encapsulating the pectoral muscle from top-left to right-
bottom. In addition, they used new selection criteria based
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on the minimum, maximum, and average values for the pix-
els. Aside from the previous methods that aim to use region
growing and thresholding, graph-cut [55], Hough Transform
[56], line estimation, polynomial fitting, and curve estima-
tion [57], k-means [58], active contours [59] and contour
growing [60] are also used in several methods.

2.4 Automated breast tissue density estimation

According to [61], breast density could be considered as an
independent risk factor or in addition to other measurements
[62] for the development of breast cancer. In this section, an
overview of recent automated breast tissue density estima-
tion approaches has been provided. Breast density could be
defined as the percentage of the fibroglandular tissue rela-
tive to fat. In the literature, the "parenchymal pattern” and
"percent density" are also used to refer to the same concept
[61]. In the BI- RADS version 5, the definition is changed
in a way that percentage is no longer applied in the form
of numerical values [11] due to the mismatch between the
automated volume calculation and assessment of radiolo-
gists. The latest version relies only on the visual assess-
ment of the radiologists [11]. This, in turn, could introduce
inconsistency between the density category for automated
approaches in which the assumption is that the definition of
the density category is universal for all the samples, while in
reality, visual evaluation of several radiologists might intro-
duce differences in the categories for samples with similar
visual appearance; therefore, the performance of the meth-
ods might suffer. In this regard, the proposed approaches
could be divided into two groups: supervised and unsuper-
vised approaches.

The supervised approaches aim to automate the density
estimation and use the radiologist’s assessment of the den-
sity to train the models. In this category, Lehman et al. [63]
proposed the use of deep learning for the classification of
the samples. Saffari et al. [64] proposed to use conditional-
GAN [65] for training a model to generate segmentation of
the dense tissue, then the output of the cGAN has been clas-
sified using the classification network.

The methods in the unsupervised category rely only on
the input images for density estimation, mostly by utilizing
the handcrafted features such as thresholding [66], region
growing [67] and clustering [68]. Kallenberg et al. [69] pro-
posed a CNN network to use unlabeled data for the clas-
sification of images. Qyantra [70], Openbreast [15], Libra
[68], and Volpara [71] are among the software that have a
breast density estimation system. In the ablation study in
this paper, we have used Openbreast software as the auto-
mated breast density classifier.

3 Methodology

In this study, both hybrid pixel-level and region-level loss
functions are utilized. Therefore, an overview of hybrid
pixel-level L p and region-level Ly g losses are provided
in the following sections.

3.1 Hybrid pixel-level loss
The standard hybrid pixel-level loss, commonly used

for mass segmentation in mammograms, is defined as a
weighted sum of BCE and Dice loss, as shown below:

Lce == (ylog(§) + (1 = ylog(1 - 7)), (M

I 1 Znglw Yiy; + € 2)
Dice — 5
H:><WAJ_|_23H><Wyj_’_€

Lyp =aLlpice + BLpcE- (3)

Here y and ¢ represent the ground truth and the predicted
segmentation masks, respectively. a and S (could be rela-
tive, for instance, formulated as 5 = 1 — « ) are the weight-
ing parameters in the hybrid loss denoted as L p in Eq. 3.
While the cross entropy loss (Eq. 1) includes correctly clas-
sified positive and negative pixels, the Dice loss (Eq. 2)
incorporates only correctly classified positive pixels, which
makes it more suitable in the presence of considerable pixel
class imbalance. The combination (Eq. 3) of the two losses
has been shown to provide a better learning signal. In par-
ticular, it has been reported that adding BCE to the Dice loss
helps to mitigate the unstable training associated with using
only the Dice loss [35, 36]. On the other hand, adding the
Dice loss to BCE helps to improve the performance of the
model on datasets with pixel class imbalance compared to
using BCE alone.

3.2 Hybrid region-level loss

Region-level losses aim to incorporate the context to which
a pixel belongs in the loss calculation by representing each
pixel with its own value and the neighboring pixels’ values.
In this paper, two of the region-level losses, SSIM and RMI,
have been selected and are represented in the following:

0= J s (sg5555) s @

Here, Y,, and YAm are the multi-dimensional points con-
structed using a centering pixel and the neighboring pix-
els in a surrounding square. S and S are the support sets

Laitr(Yin; Yon)
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corresponding to the ground truth and prediction masks,
respectively. f(y) and f(§) represent the probability den-
sity functions for the ground truth and prediction masks in
Eq. 4, respectively. The f(y, §) captures the joint PDF. The
implementation details of the RMI loss are available in [13].
The second region-level loss used in this paper is SSIM-
based loss in Eq. 5.

2ty iz, + C) (205 + Ca)

L Y, V) =1- )
ssrm( P p) (“z%;;“?)p + Cl)(o'g + U; +Cy) %)

Here, Y, and Y, represent patches in the ground truth and
the prediction masks. ;2 and o are the mean and variance for
the corresponding patches, respectively. o,y is the covari-
ance of the two patches. More details (including the selec-
tion of C'1 and C) are available in [12]. Finally, the hybrid
region-level loss is presented in Eq. 6.

Lygr =nLgryr +vLssiu- (6)

In the hybrid region-level loss Lyr (Eq. 6), Lrar and
Lgsrn are the RMI and SSIM losses, respectively.
The hyperparameters 1 and 7 represent the weighting
coefficients.

3.3 Density-adaptive sample-level prioritizing loss

While the aforementioned hybrid pixel-level loss is quite
effective, we propose extending it by using an adaptive
weighting strategy based on the idea of ASP [10]. The
resulting hybrid loss is a combination of region-level and
pixel-level losses instead of using only pixel-level losses.
We propose using breast tissue density as the sample-level
signal for the extended hybrid loss’s prioritizing strategy.
In the following, the proposed framework for the Density-
ASP loss is explained. Given a training set of NV images and
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Fig. 1 The overall architecture of the proposed method
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the corresponding segmentation masks, the baseline method
learns a mapping between an input image to its segmented
counterpart using the training data. In this study, AU-Net
was selected as the baseline method; the architecture for
AU-Net is presented in Fig. 1. For the encoder and decoder,
ResUnit and the basic decoder proposed in AU-Net have
been used. The details of the AU block, basic decoder, and
ResUnit encoder are presented in [6]. The Density-ASP
loss requires the breast tissue density for each sample. The
standard ACR density, which is available in both datas-
ets, was used in this study. ACR breast density reflects the
composition of the fat, fibrous, and glandular tissue in four
categories.

There are noticeable differences in the appearance of the
breast within different density categories in mammography
images. Generally, the complexity of the texture increases
as density increases. This provides meaningful distinguish-
ing information for the loss function to prioritize the pixel-
level or region-level terms in the loss function based on the
density of each sample. The more complex the texture is
(i.e., higher density category), the more important the con-
tribution of the region-level term will be. Therefore, density
is considered a determining factor in the weighting strategy.

In Fig. 1, the prediction heatmap (§ in the formulas)
and ground truth segmentation masks are inputted to the
Density-ASP module. The process of prioritizing loss is
presented in Fig. 2. Since there is no proven or intuitive con-
nection between density and pixel-level terms, the weight
for this category remains fixed. However, the contribution
of the region-level term will change in an adaptive man-
ner, as shown in Eq. 7 and Fig. 2. It should be noted that
the weighting coefficients inside the pixel-level and region-
level loss terms are not adaptive.

. — .
Density—asp =D'0" Lyp + Ly p. (7N

64 > 256
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Ground Truth

Density Category Heatmap

HR Loss Weight HR Loss HP Loss
Density ASP Loss

Fig. 2 Density-ASP Block

Density—Asp 15 the final Density-ASP loss for the ith

sample. 0 is the prioritizing vector consisting of the weights
assigned to each density category, and p; denotes a one-hot
encoding of the density category to which the ith sample
belongs. p’d7 will be the weight for the region-level loss
term, which determines the importance of the region-level
term according to the density category of ¢th sample.

4 Experimental results

This section begins with a description of the datasets and
evaluation metrics. Subsequently, the experimental setting
is presented, followed by a comprehensive analysis of the
results on both datasets, including comparisons with the
state-of-the-art approaches.

4.1 Datasets

We have conducted mass segmentation experiments using
two publicly available datasets: INbreast and CBIS-DDSM.
We have normalized the intensity of the images in both data-
sets, and all images have been resized to 256 x 256. No data
augmentation or image enhancement was considered in our
experiments. To prevent overfitting, a randomly selected
validation set was utilized for hyperparameter tuning. For
the baseline approach, the batch size was set to four, the
learning rate was initially set to 10—e4, and a step decay
policy with a decay factor of 0.5 was employed in all experi-
ments. Irrespective of the abnormality type, all the images
containing masses have been utilized in our experiments.

4.1.1 INbreast dataset

The INbreast dataset contains 410 images associated with
150 cases, including various abnormality types. In the con-
text of mass segmentation, only 107 of the images con-
taining masses (the total number of masses across all of
the images is 116) have been used in this study. A 5-fold
cross-validation was employed, a commonly used setting
for the measurement of the performance of methods on the
INbreast dataset. The dataset was randomly divided into
training (80%), validation (10%), and test (10%) sets.

4.1.2 CBIS-DDSM dataset

From a total of 1944 cases in the CBIS-DDSM dataset,
1591 images containing masses were utilized in our experi-
ments. The official split of the dataset (1231 and 360 images
for train and test sets, respectively) was employed for the
experimental results presented in this paper. 10% of the
training data was randomly selected for the validation set.
In a preprocessing stage for the CBIS-DDSM dataset, arti-
facts were removed, and images were cropped and resized.

4.2 Evaluation metrics

Since mass segmentation in mammograms is characterized
by a pixel class imbalance, we have selected several met-
rics to better illustrate the strengths and weaknesses of the
proposed methods. Specifically, the Dice Similarity Coef-
ficient (DSC), Relative Area Difference (A A), Sensitivity,
and Accuracy have been selected due to the complementary
information they provide. This combination of evaluation
metrics highlights the performance of each method both in
majority (background) and minority (masses) classes. It also
reflects how accurately a method performs in terms of pre-
dicting the boundary of masses, which is crucial for mass
classification.

4.3 Ablation study

Many design factors impact the performance of a deep
learning-based method. In this section, we explore several
design factors specifically related to the proposed method.
As the method’s goal is to enhance the segmentation results
for images with higher density, we design several tests to
select the preprocessing steps accordingly.

Firstly, we tested using U-Net and Au-Net as the baseline
model; since the results for the AU-Net seemed to be more
promising, we opted to perform all the experiments using
the AU-Net, specifically because it was initially proposed to
improve the segmentation performance on mammography
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Fig.3 Examples of original images
(first row) and images in which

the pectoral muscle was removed
(second row)

Original Image

After Pectoral Muscle Removal

Table 1 Results for experiments using pectoral muscle removal for
INbreast

Table 2 Results for experiments using automated density estimation
for INbreast

DSC AA SEN  ACCU DSC AA SEN ACCU
Whole image 6532 23.68 5795 98.46 Ground-truth density 65.32 23.68 57.95 98.46
After pectoral muscle removal  45.67  2.06 51.48 95.59 Density from openbreast 70.74 12.25 71.76 98.48

images. In general, the baseline method could be a different
method as well.

The second experiment involves using original images
or preprocessing them with pectoral muscle removal that
affects the MLO images. Finally, the third experiment targets
the impact of using automated density estimation instead of
relying on the labels provided by different radiologists.

4.3.1 Pectoral muscle removal in the preprocessing

The pectoral muscle, present in the MLO view images, is
a portion of the image that is not part of the breast but has
brightness similar to more dense regions in the breast. This,
in turn, could introduce errors in the performance of the
methods. In order to investigate the effect of the presence
of pectoral muscle, we considered using pectoral muscle
removal in the preprocessing step to determine the effect
and necessity of the operation in the final results. Ground
truth labels provided by Aliniya et al. [72] were utilized as
the masks for removing pectoral muscle. As the labels pro-
vided in [72] are manually determined, they have high accu-
racy (Fig. 3). Table 1 presents the results for the training of
the baseline model using the dataset in which the pectoral
muscle was removed and the original images. As shown in
the table, generally the performance is lower compared to
the baseline method. For this reason, we did not use pectoral
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muscle removal in the preprocessing step of the proposed
method.

4.3.2 Using automated density estimation approach to
unify the density labels

As previously mentioned, the differences between assess-
ments of several radiologists might negatively impact the
performance of the proposed method. To investigate these
effects, we propose to use an automated density estimation
approach to achieve a unified density category for all the
images in the dataset. The results for these experiments have
been presented in Table 2. The percent density is converted
to four categories after thresholding. As shown, the perfor-
mance of the proposed method has improved compared to
the baseline method using the density labels generated by
Openbreast for the INbreast dataset; however, it is less than
that of ground-truth labels. It indicates that the ground-truth
labels are more useful for the proposed method. The rea-
son might be that as the performance of these approaches is
limited, there is a possibility of the propagation of the error
from the density estimation method to the mass segmenta-
tion approach, which affects the results adversely.
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4.4 Comparison with state-of-the-art methods

To assess the performance of Density-ASP loss, we have
conducted a comprehensive comparison with three state-of-
the-art mass segmentation approaches on whole mammo-
grams: AU-Net (baseline), ARF-Net, and ASP. The official
implementation of AU-Net, and the setting described in
the AU-Net paper [6] (only the architecture was publicly
available) were used in our experiments. ARF-Net is a
state-of-the-art method for mass segmentation on whole
mammograms. The method was implemented to the best
of our understanding based on the original paper (i.e., the
implementation of the approach or the trained models were
not publicly available). For the ASP loss, we have used
the same experimental setting and data split, so we have
directly used the reported results in the original paper. The
publicly available implementations of the RMI and SSIM
were utilized. To ensure a fair comparison of the methods,
no pre-training or data augmentation was used. The coeffi-
cients for density-based loss were 6 = [0.5,0.5,0.85,0.95]
and 6 = [0.25,0.25, 0.85,0.95] for the INbreast and CBIS-
DDSM, respectively. n, v, 3 were set to one; o was set to 2
and 2.5 for INbreast and CBIS-DDSM. These hyperparam-
eters were selected through experimental evaluation.

4.4.1 Experimental results using INbreast

Table 3 summarizes our experimental results for all mod-
els trained on INbreast. The best results are highlighted
using bold font. The Density-ASP loss achieved better per-
formance across all of the metrics compared to the pixel-
level hybrid losses. The improvement for the Density-ASP
(over using hybrid pixel-level loss in the baseline method)
is as follows: (DSC: +9.27%, AA: —12.77%, Sensitivity:
+20.21%, Accuracy: +0.19 % ), which is consistent across
all metrics. The Density-ASP outperformed ARF-Net in
DSC, A A, and sensitivity while the accuracy is 0.06% lower.
It should be noted that ARF-Net is designed to incorporate
different sizes and, surpasses the baseline method in DSC,
sensitivity, and accuracy. Better performance of the Den-
sity-ASP (in most metrics) compared to ARF-Net, indicates
that improvement in the training that Density-ASP provides
for the baseline method not only closes the gap between

Table 3 Results for Density-ASP and state-of-the-art approaches for
INbreast

Method DSC1T AA| Sensitivity © Accuracy 1
ARF-Net 70.05 3037 59.59 98.71
AU-Net (baseline) 6532 23.68 57.95 98.46
ASP-Quantile-based 68.03  25.04 63.12 98.54
ASP-Learning-based 71.92  22.31 64.56 98.71
ASP-Cluster-based ~ 74.18 19.28 67.21 98.78
Density-ASP 7459 1091 78.16 98.65

AU-Net and ARF-Net in most of the metrics but also makes
AU-Net outperform ARF-Net. In comparison with the ASP
loss variations (as the best-performing version, cluster-based
ASP was selected for comparison), Density-ASP performed
better in terms of DSC, A A, and sensitivity. The accuracy
of the cluster-based ASP variation is 0.13% higher than the
Density-ASP. The results of the Density-ASP further vali-
date the effectiveness of sample-level losses. Moreover, the
fact that Density-ASP outperforms the ASP in most of the
metrics indicates that introducing the region-level losses to
the loss function with the density as a weighting signal is
a promising approach for mass segmentation. We attribute
this improvement to the utilization of density as the priori-
tizing signal, which helps to distinguish the contribution of
the losses for each sample, leading to better segmentation.

The first four columns in Fig. 4 show some representative
results for Density-ASP, AU-Net, ARF-Net, and all ASP
variations for INbreast. These examples have been selected
to include instances for each density category (mentioned
at the top of the columns), demonstrating the segmentation
capabilities of the methods across different density catego-
ries. The green and blue lines represent the contours of the
ground truth and the prediction masks, respectively. It can
be observed that the segmentation results for Density-ASP
are more accurate compared to state-of-the-art methods
across all the density categories.

4.4.2 Experimental results using CBIS-DDSM

The performance of Density-ASP loss on the CBIS-DDSM
dataset compared to state-of-the-art approaches is presented
in Table 4. The improvement for the Density-ASP on the
CBIS-DDSM dataset (over using hybrid pixel-level loss in
the baseline method) is as follows: (DSC: +1.59%, AA:
—3.98%, Sensitivity: +0.66%, Accuracy: +0.03 %). The
Density-ASP outperformed ARF-Net (which has a differ-
ent architecture but used common hybrid loss) in all metrics
except for accuracy, which is 0.02% lower. When compared
to quantile-based ASP loss - a version of the ASP with the
best performance on CBIS-DDSM - while Density-ASP
outperformed quantile-based ASP in sensitivity (+0.15%
), it under-performed in other metrics (DSC: —0.4%, AA:
+3.91%, Accuracy: —0.03%). We speculate that the reason
might be related to the fact that the mass ratio in ASP loss
is a data-driven factor that completely correlates with the
statistics of the pixels in the image. On the other hand, den-
sity is predefined and, in some cases, might not be aligned
with the visual features, which might be a more common
issue in the CBIS-DDSM dataset. The fact that Density-
ASP improves in all of the metrics over the baseline method
shows the effectiveness of using density and region-level
losses for the CBIS-DDSM dataset. The last four columns in
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INbreast
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Fig.4 Examples of the segmentation results for Density-ASP, AU-Net, ARF-Net, and ASP variations

Table 4 Results for Density-ASP and state-of-the-art approaches for

CBIS-DDSM

Method DSC1T AA| Sensitivity T Accuracy T
ARF-Net 48.82 1147 4727 99.43
AU-Net (baseline) 49.05  09.94 51.49 99.38
ASP-Quantile-based 5148  02.05 52.00 99.43
ASP-Learning-based 51.33  23.17 45.38 99.50
ASP-Cluster-based ~ 51.04  04.47 49.90 99.45
Density-ASP 50.64 0596 52.15 99.41

Bold font is used to highlight the best performance among methods
for each metric

Fig. 4 show some representative examples where Density-
ASP has better performance when compared to the previous
methods in different density categories.

In general, the performance of the Density-ASP is bet-
ter for the INbreast dataset. One observation is that in both
datasets, there are examples that the density category of the
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image might not be perfectly aligned with visual features
(for example, the 2nd column in Fig. 4), which could cause
a higher weight for the term that does not match the ini-
tial idea of the Density-ASP. We speculate that the assigned
density for the INbreast is more visually aligned with the
images, resulting in better weighting for loss terms. Differ-
ent distributions of each category in the datasets might also
be a factor in the performance of the Density-ASP on two
datasets.

5 Conclusion

We have proposed a new sample-level adaptive prioritiz-
ing loss that utilizes breast tissue density as a weighting
signal. Moreover, we have proposed a hybrid loss function
that includes region-level losses in the training. Finally,
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given the observed connection between the difficulty of
mass identification and the breast tissue density category,
this approach focuses on using the density for weighting of
the region-level loss term to highlight the importance of the
region-level term according to the density category for each
sample adaptively. Our experimental results demonstrate
improvements in all evaluation metrics on two benchmark
datasets: INbreast and CBIS-DDSM. Customizing this cat-
egory of losses for other domains or tasks is an appealing
direction for future work. In the ablation study, we explored
the idea of using automated density labels and removing
the pectoral muscle in the preprocessing steps. The pecto-
ral muscle removal did not provide improvement over the
baseline which could be due to the fact that it increases
the background pixels. While outperforming the baseline
method, the automated density estimation did not provide
an improvement over using the ground truth labels. The rea-
son might be that the method relies on thresholding for the
classification of the density. Using automated density esti-
mation methods that are independent of thresholds might
improve the performance.
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