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ABSTRACT

Segmentation of digital mammograms (DMs) into background, breast, and pectoral muscle is an important
pre-processing step for many medical imaging pipelines. Our aim is to propose a segmentation method suited
for processed DMs that generalizes across cranio-caudal (CC) and medio-lateral oblique (MLO) projections, and
across models of different vendors. A dataset of 247 diagnostic DM exams was used, totaling 493 CC and 494 MLO
processed images, of which 199 (40.4%) and 486 (98.4%) contained a pectoral muscle, respectively. The images
were acquired with 10 different DM models from GE (73%) and Siemens (27%). The multi-class segmentation
was done by a U-Net trained with a multi-class weighted focal loss. Several types of data augmentation were used
during training, to generalize across model types, including random look-up table and random elastic and gamma
transformations. The DICE coefficients for the segmentations were (mean ± std. dev.) 0.995 ± 0.005, 0.980
± 0.016, 0.839 ± 0.243 for background, breast, and pectoral muscle, respectively. Background segmentation
did not differ significantly between CC and MLO images. The pectoral muscle segmentation resulted in a
higher DICE coefficient for MLO (0.932 ± 0.104) than CC images (0.636 ± 0.323). The false positive rate
of pectoral muscle segmentation was 1.5% in CC images without any pectoral muscle. Among different model
types, the mean overall DICE coefficients ranged from 0.985-0.990 for the different system models. The developed
method yielded accurate overall segmentation results, independent of view, and was able to generalize well over
mammograms acquired by systems of different vendors.
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1. INTRODUCTION

Segmentation of digital mammograms into background, breast, and pectoral muscle is an important pre-processing
step for many medical image processing and analysis pipelines, such as computer-aided detection (CAD), diagno-
sis (CADx), and breast density estimation.1–3 In most of these methods, the prior segmentation of the breast is a
necessary step to restrict the subsequent processing or analysis to the breast only, avoiding the background and,
in many applications, if present, the pectoral muscle. The correct identification, and subsequent exclusion, of the
latter is especially important in DM texture analysis. In fact, the pectoral muscle presents similar intensity and
texture characteristics to the breast fibroglandular tissue. Therefore, if not correctly segmented and removed, it
could introduce important biases in any computerized system aimed at the analysis of the breast tissue.1,4

Several methods have been proposed to segment mammograms, but most of them are designed only for
digitized screen film mammograms or raw digital mammograms (DMs),5–8 and have mainly focused on the
medio-lateral oblique (MLO) projection.5,7 Unfortunately, the raw version of the DMs are very seldomly saved
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Table 1. System models represented in the train, validation, and test set and the percentage and number of images from
each set.

train % (n=600) validation % (n=143) test % (n=244)
GE

Senographe ADS 0.7 (4) 0.0 (0) 0.0 (0)
Senographe DS ADS 39.0 (234) 19.6 (28) 52.5 (128)
Senographe 2000D ADS 35.7 (214) 41.3 (59) 21.3 (52)

Siemens
Mammomat Revelation 2.7 (16) 8.4 (12) 3.3 (8)
Mammomat Inspiration 22.0 (132) 30.8 (44) 23.0 (56)

or even ever pushed out of the acquisition system. Therefore, segmentation methods able to analyze processed
DMs, instead of raw DMs, are needed. For the development of these methods, generalization across views and
systems from different manufacturers is crucial. Different systems use different post-processing algorithms to
convert the raw x-ray projection data to images for display, resulting in differences in the texture in processed
images of different vendors.9

Our aim is to propose a segmentation method suited for processed DMs that is designed to generalize across
cranio-caudal (CC) and MLO projections, and across models of different vendors.

2. METHODS

A dataset of 247 diagnostic DM exams of 125 patients acquired between 2000 and 2019 at an academic breast
imaging center (Radboudumc, Nijmegen, the Netherlands) was used. Ethical approval was waived for this
retrospective study. Each exam consists of four images, two views (CC and MLO) of each breast, totaling 988
images. One CC image that was acquired with a small compression paddle was excluded from the dataset.
Therefirem the final dataset included 493 CC and 494 MLO processed images. The patients had a mean age of
52 ± 13 (± std. dev) years at the time of the exam, and the dataset included a median of 1 exam per patient,
ranging from 1 to 13 exams. The images were acquired with 5 different DM system models from GE (73%) and
Siemens (27%) as described in Table 1. All images were linearly resampled to a pixel spacing of 500 µm. A
segmentation mask was manually annotated with ITK-SNAP10 by one of two imaging scientists in each image
with a background, breast, and, if present, a pectoral muscle class. The images were randomly separated, at a
patient level, into a training (n=600), development (n=143), and test (n=244) set.

The multi-class segmentation was performed using a U-Net11 with 4 downsampling blocks of two convolutional
layers each, with a kernel size of 3, and a max-pooling layer with a kernel size 2 and stride 2. The initial number
of convolutional filters was set to 64 and doubled at each scale. The 4 upsampling steps consisted of a bilinear
upsampling, a convolution layer with a kernel size of 1 to reduce the number of filters by a factor of 2, and
two convolutional layers with a kernel size of 3. Before the final softmax layer, a convolutional layer (3 filters,
kernel size 1) was included. Dropout regularization (probability of 0.5) was applied in this layer, to allow for an
improved generalization and to improve the training optimization of the deeper layers. All activation functions
were rectified linear units (ReLu) and weights were initialized with Kaiming uniform initialization.

Processed DMs of different system models have different intensity and contrast properties due to the use
of different look-up tables, which translate the saved image to an image for presentation. To generalize over
these different properties, several types of data augmentation were used as a regularizer during training. For
each training image, a random look-up table was chosen from the choices provided in its DICOM header, with
a jitter varying randomly from 0% to 5% for the values of window center and window width. This was followed
by a random horizontal flip, a random rotation of between -5° and +5°, an elastic transformation12 with α = 1,
σ = 100 and αaffine = 20, a random cropping of the image of 400x400 pixels, a random gamma transform with γ
between 0.5 and 1.5, and finally by adding Gaussian noise with a σ of 5% of range of intensities in the cropping.
The crop box was located at most 67 (17%) pixels outside of the original image boundary, padding with zeros
where necessary. Several examples of input images after transformation are shown in Figure 1.
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Figure 1. Example of a set of training images after all the data augmentation steps. The examples show the variety in
gray level intensity and contrast between the images.

The pectoral muscle was present in 199/493 (40.4%) CC and 486/494 (98.4%) MLO images. If present, the
pectoral muscle region is often smaller than the breast area. To account for this class imbalance, two different
weighted losses were used to train the network: weighted cross entropy and weighted focal loss.

Weighted cross entropy loss can be defined as

CrossEntropyLoss(pt) = −
3∑

c=1

αc log(pt,c),

pt,c =

{
pc y = c

1− pc otherwise,

(1)

where pc denotes the probability of a pixel belonging to class c and y the ground truth of that pixel. Hyper-
parameters αc weights the classes, giving more or less weight to a certain class c. Focal loss13 is a variation on
weighted cross-entropy loss where high confidence predictions are weighted lower than low confidence predictions
by tuning a hyper-parameter (γ). Focal loss can be defined as

FocalLoss(pt) = −
3∑

c=1

αc(1− pt,c)
γ log(pt,c), (2)

with hyper-parameters αc and γ (γ = 1 corresponds to cross-entropy loss). For mammogram segmentation, we
used γ = 2, as was suggested in the original paper.13

The model was trained with both losses and with α = [1, 1, αpectoral] such that αpectoral ∈ {1, 1.5, 2, 2.5}.
The loss and αpectoral were chosen based on the highest segmentation performance on the validation set for the
pectoral class. Training was stopped when the validation loss did not improve for 10 epochs.

The segmentation performance of the network was tested on the processed images assigned to the test set,
with the look-up table provided in the DICOM header as the ’normal’ setting, with no further augmentation.
The performance was given by the DICE coefficient for each class c present in the image, and by an average
DICE coefficient weighted by the number of pixels in the corresponding class in the annotation. The DICE
coefficient is defined by

DICE(c) =
2 · |ŷc ∩ yc|
|ŷc|+ |yc|

, (3)

and compares the class segmentation estimate ŷc to the class ground truth yc. Class and average DICE coefficients
of CC and MLO images were compared with an unpaired t-test, GE to Siemens image with an unpaired t-test
and the four system models with a one-way ANOVA. A significance level of 0.05 was used for all tests.
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Table 2. Resulting DICE coefficients for different values of αpectoral for the validation set. In the validation set, 74.8% of
the images include the pectoral muscle. Results are given in mean ± standard deviation and with the number of images
(n) that contain the class in the ground truth.

loss αpectoral Background (n=143) Breast (n=143) Pectoral (n=107) Overall (n=143)
cross entropy 1.0 0.993 ± 0.006 0.976 ± 0.024 0.820 ± 0.232 0.984 ± 0.014
cross entropy 1.5 0.995 ± 0.005 0.977 ± 0.022 0.860 ± 0.206 0.987 ± 0.010
cross entropy 2.0 0.995 ± 0.004 0.975 ± 0.023 0.820 ± 0.243 0.986 ± 0.012
cross entropy 2.5 0.995 ± 0.005 0.981 ± 0.018 0.859 ± 0.219 0.988 ± 0.011
focal 1.0 0.995 ± 0.005 0.975 ± 0.027 0.767 ± 0.305 0.984 ± 0.016
focal 1.5 0.994 ± 0.006 0.978 ± 0.020 0.845 ± 0.246 0.987 ± 0.010
focal 2.0 0.995 ± 0.005 0.976 ± 0.024 0.823 ± 0.260 0.986 ± 0.011
focal 2.5 0.994 ± 0.005 0.978 ± 0.021 0.847 ± 0.235 0.987 ± 0.009

Figure 2. Example of segmentation outputs of cranio-caudal (left) and medio-lateral oblique (right) images. The two top
images were acquired with a GE Senographe 2000D ADS, the two bottom images with a Siemens Mammomat Inspiration.
Red indicates the background-breast edge, blue indicates the breast-pectoral edge.

3. RESULTS

The cross-entropy loss with an αpectoral = 1.5 resulted in the highest pectoral and overall DICE coefficients in
the validation set, as shown in Table 2. Higher values of αpectoral resulted in over-segmentation of the pectoral
muscle, while lower values resulted in under-segmentation.

Figure 2 shows four different representative examples of segmentation outputs for both views and manufac-
turers. Segmentation of the background yielded a DICE coefficient (mean ± std. dev) of 0.995 ± 0.005, as
shown in Table 3, which did not differ significantly between CC and MLO images (p=0.29). Segmentation of the
breast class yielded higher DICE coefficients for CC (0.984 ± 0.012) compared to MLO (0.976 ± 0.018) images
(p<0.001). In contrast, the pectoral muscle segmentation resulted in a lower DICE coefficient for CC (0.636 ±
0.323) than for MLO (0.932 ± 0.104) images (p<0.001). For these images, the size of the pectoral muscle was
4.4% ± 2.5% of the total breast size in CC, and 26.8% ± 13.4% in MLO images. Of the 66 CC images without
a pectoral muscle (54.1%), the model segmented a pectoral muscle larger than 1% of the breast only in 1 case
(1.5%). Thus, for the majority of the CC images, the pectoral muscle, if segmented but absent in the annotation,
is smaller than 1% of the breast area. There was no difference between the overall DICE coefficient of GE (0.987
± 0.012) and Siemens (0.989 ± 0.011) (p=0.20) images. However, for the different system models, the mean
overall DICE ranged from 0.985 to 0.993 (p<0.001), as shown in Table 4.
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Table 3. Resulting DICE coefficients on the test set for different views. Results are given in mean ± standard deviation.
The number of images that contain the pectoral muscle class in the ground truth is given.

View n Background Breast Pectoral (n) Overall
All 244 0.995 ± 0.005 0.980 ± 0.016 0.839 ± 0.243 (178) 0.988 ± 0.011
Cranio-caudal 122 0.995 ± 0.005 0.984 ± 0.012 0.636 ± 0.323 (56) 0.990 ± 0.009
Medio-lateral oblique 122 0.994 ± 0.005 0.976 ± 0.018 0.932 ± 0.104 (122) 0.985 ± 0.013

Table 4. Results of DICE coefficients on the test set for the model types of the different manufacturers. Results are given
in mean ± standard deviation. The number of images that contain the pectoral muscle class in the ground truth is given.

Model type n Background Breast Pectoral (n) Overall
GE

Senographe DS ADS 128 0.992 ± 0.005 0.977 ± 0.015 0.837 ± 0.249 (92) 0.985 ± 0.013
Senographe 2000D ADS 52 0.997 ± 0.003 0.987 ± 0.008 0.901 ± 0.194 (37) 0.993 ± 0.004

Siemens
Mammomat Revelation 8 0.995 ± 0.003 0.988 ± 0.007 0.662 ± 0.425 (5) 0.987 ± 0.013
Mammomat Inspiration 56 0.998 ± 0.001 0.980 ± 0.021 0.813 ± 0.240 (44) 0.990 ± 0.011

4. DISCUSSION

The aim of the present research was to propose a segmentation method suited for processed DMs that can
generalize across CC and MLO projections and across models of different vendors. The trained U-Net provided
a good overall performance regardless of projection and vendor.

The performance of pectoral muscle segmentation was lower and more widely distributed in CC images
compared to MLO images. There are two main explanations for this. First, the pectoral muscle was not always
present in the CC images, only in 40.4% of the images, compared to 98.4% of the MLO images. Therefore, the
model is trained on more MLO images compared to CC images for pectoral segmentation. Second, the area of
the pectoral muscle, with respect to that of the breast region, was much smaller in CC images (4.4% ± 2.5%)
compared to MLO images (26.8% ± 13.4%). As seen in Equation 3, a smaller area in the annotation can make
the DICE coefficient more sensitive to small errors in segmentation. In the case that the pectoral muscle is
absent in a CC image, the pectoral muscle is rarely falsely segmented, resulting in a 0.005 higher mean overall
DICE coefficient for CC images compared to MLO images. Segmentation of the pectoral muscle in MLO images
is of greater importance due to its larger size compared to CC images. The limited performance on CC images
with pectoral muscle might, therefore, only have a minor impact.

Overall segmentation performance varied between the different model types of different manufacturers. How-
ever, the groups vary in size with the smallest group of Mammomat Revelation only containing 8 images of 2
women. When comparing the two vendors, there was no significant difference in overall segmentation perfor-
mance.

As opposed to most previous studies aimed at mammogram segmentation,5–7,14,15 the proposed framework
is meant to segment processed mammograms and, importantly, generalizes across several models of various man-
ufacturers. Furthermore, this segmentation method is trained on both CC and MLO images and demonstrated
promising performance.

A recent study by Pawar et al.14 used an adaptive threshold for segmenting the background and a region
growing method with an automatically selected starting point for pectoral muscle segmentation. The method
was tested for only scanned MLO film mammograms and had a DICE of 0.9548 for pectoral muscle segmentation,
which is within the range found in this study for pectoral muscle segmentation in MLO images. Zebari et al.5

introduced a segmentation method for both scanned MLO film mammograms and digital MLO mammograms.
The background segmentation was also done with an adaptive threshold, while local feature extraction and
a 2-layer neural network was used to segment the pectoral muscle. The average DICE coefficient for breast
segmentation with this method was 0.9914, which is in the range of the DICE coefficient of breast segmentation
of this study.

Other studies using a convolutional neural network (CNN) to segment mammograms found lower or compa-
rable segmentation performance. Two articles used a U-Net with a resnet encoder, one designed for raw DM
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MLO images,6 the other for both scanned MLO film mammograms and digital MLO mammograms15 had an
overall DICE coefficient of 0.949 ± 0.019 and 0.92 respectively. Rampun et al.7 introduced a CNN inspired by
Holistically-nested Edge Detection for finding the pectoral boundary in both scanned MLO film mammograms
and digital MLO mammograms. The pectoral segmentation had a DICE coefficient of 0.975 ± 0.063, comparable
to the DICE of pectoral segmentation in MLO mammograms of this study.

There are two main limitations of this study. First, a limited dataset was used with DMs acquired with
machines from only two vendors. Expanding the dataset to more vendors could improve the generalizability of
the segmentation model. Second, the model was only tested on vendors that were also present in the training
set. In future studies, we aim to test our model on an independent test set, to better assess the generalizability
of the model.

5. CONCLUSION

The developed mammogram segmentation method yielded accurate overall segmentation results for processed
mammograms independent of view, and was able to generalize well over mammograms acquired by different
system models. Segmentation of the pectoral muscle in CC images that include the pectoral muscle could benefit
from further optimization. However, the false-positive rate of pectoral muscle segmentation in CC images was
very low in our dataset.
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