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ABSTRACT
Purpose: The purpose of this study was to propose a deep learning-based method for 
automated detection of the pectoral muscle, in order to reduce misdetection in a com-
puter-aided diagnosis (CAD) system for diagnosing breast cancer in mammography. 
This study also aimed to assess the performance of the deep learning method for pec-
toral muscle detection by comparing it to an image processing-based method using the 
random sample consensus (RANSAC) algorithm. 
Methods: Using the 322 images in the Mammographic Image Analysis Society (MIAS) 
database, the pectoral muscle detection model was trained with the U-Net architecture. 
Of the total data, 80% was allocated as training data and 20% was allocated as test 
data, and the performance of the deep learning model was tested by 5-fold cross vali-
dation. 
Results: The image processing-based method for pectoral muscle detection using 
RANSAC showed 92% detection accuracy. Using the 5-fold cross validation, the deep 
learning-based method showed a mean sensitivity of 95.55%, mean specificity of 
99.88%, mean accuracy of 99.67%, and mean dice similarity coefficient of 95.88%. 
Conclusion: The proposed deep learning-based method of pectoral muscle detection 
performed better than an existing image processing-based method. In the future, by 
collecting data from various medical institutions and devices to further train the model 
and improve its reliability, we expect that this model could greatly reduce misdetection 
rates by CAD systems for breast cancer diagnosis.
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INTRODUCTION

Among breast imaging methods, mammography is widely used in screening for breast cancer 
[1]. However, the results can be difficult to interpret for dense breasts, which leads to a high 
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risk of misdiagnosis [2]. For this reason, there has been ongo-
ing research on computer-aided diagnosis (CAD) systems, in 
order to reduce the number of misdiagnoses and to improve 
the accuracy of diagnosis by radiologists using mammogra-
phy [3-5]. CAD systems use computer algorithms to enable 
objective and accurate detection of lesions that are difficult 
to distinguish with the naked eye. However, accurate lesion 
detection by these CAD systems can be negatively affected 
for various reasons. In particular, in CAD systems used to di-
agnose breast cancer, the pectoral muscle shows a similar 
pixel intensity to that of lesions of the right mediolateral 
oblique (RMLO) and left mediolateral oblique (LMLO) mus-
cles, which can cause misdetection [6]. To prevent this, a 
separate pectoral muscle detection algorithm is required. 

In 2016, we developed an image processing-based auto-
mated pectoral muscle detection algorithm using the ran-
dom sample consensus (RANSAC) algorithm on images from 
the Mammographic Image Analysis Society (MIAS) database 
[7]. This algorithm had a detection accuracy of 92.2%, which 
was higher than that found in other studies using the MIAS 
database [8-12]. Nevertheless, detection accuracy was poor 
in some images due to the complex shape of the pectoral 
muscle, and so the algorithm needed to be improved.

Recently, the number of researches on pectoral muscle 
segmentation using computer algorithms are increasing. 
Shen et al. [13] reported an algorithm for automatic pectoral 
muscle segmentation that combines a genetic algorithm and 
a morphological selection algorithm. As a result of verifica-
tion with the Mini-MIAS database, the false positive (FP) rate 
was 2.03% and the false negative (FN) rate was 6.90%. Gar-
dezi et al. [14] reported an algorithm of segmenting the 
boundary between the breast region and the breast paren-
chyma using an adaptive gamma correction method. As a re-
sult, an accuracy of 98.45% and a jaccrard similarity index of 
92.79% were shown.

Recent advances in hardware have created a favorable en-
vironment for deep learning techniques, which have been 
applied in various fields. Convoluted neural networks (CNNs) 
especially, as one type of deep learning technique, have 
been used with outstanding results in various imaging fields 
[15,16]. In medical imaging as well, numerous studies using 
CNNs have reported better performance than conventional 
image processing techniques [17-19]. Thus, in this study, we 
aimed to use deep learning in pectoral muscle detection, to 
improve upon the previously encountered problems for the 
complex-shaped pectoral muscle, and to enhance detection 
accuracy. The deep learning model for pectoral muscle de-

tection was trained using the same MIAS database as before, 
and the performance of the algorithm was assessed in com-
parison to the results of the image processing-based method 
using RANSAC.

METHODS

Data
This study used mammograms from the mini-MIAS database, 
which is one of several open access databases. The MIAS da-
tabase consists of scans of 322 mammogram films taken as 
part of the United Kingdom’s national breast cancer screen-
ing program [20]. All the images in the mini-MIAS database 
consist of RMLO or LMLO views excluding right craniocaudal 
and left craniocaudal, and the images sizes are 1,024×1,024 
pixels. For annotation data to use in deep learning, regions of 
interest (ROIs) for the pectoral muscle were drawn manually 
by a radiologist. The ROIs were drawn using ImageJ software 
version 1.52a (National Institutes of Health, Bethesda, MD, 
USA). In the mediolateral oblique images, polygonal ROIs 
were drawn by distinguishing the boundary between the 
breast region and the breast parenchyma. A binary mask was 
made, using 0 for outside the ROI and 255 for inside the ROI, 
and this was used as the ground truth. Fig. 1 shows one of 
the binary mask images used as the ground truth.

The size of the data set used in this study was not large, and 
so 5-fold cross validation was used to ensure that the model 
would be robust in terms of data dependency. For each cross 
validation, 80% of the overall data (257 to 258 scans) was 
used as learning data, and 20% (64 to 65 scans) was separate-
ly constructed and used as test data. Each data point was 
used exactly once as test data, without duplication.

Development environment
The system for deep learning consisted of 4 NVIDIA TITAN Xp 

Fig. 1. Examples of an image from the Mammographic Image 
Analysis Society (MIAS) database (A) and annotation data made 
directly by a specialist (B).
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(NVIDIA Corp., Santa Clara, CA, USA) graphics processing 
units, a Xeon E5-1650 v4 (Intel Corp., Santa Clara, CA, USA) 
central processing unit, and 128 GB of random access mem-
ory (RAM). Deep learning was conducted using Python 2.7.6 
and the Keras 2.1.5 framework (Python Software Founda-
tion, Wilmington, DE, USA) with a TensorFlow backend in the 
Ubuntu 14.04 operating system (Canonical Ltd., London, UK).

Data augmentation
The images from the MIAS database used in this experiment 
were insufficient to train the deep learning model. Data aug-
mentation was performed to acquire a sufficient quantity of 
learning data [21]. An arbitrary combination of flips, rota-
tions, translations, and stacking were used to expand the 
learning data set 20-fold.

Training the deep learning model
For the CNN in this study, the U-Net model was used. One 
advantage of the U-Net model is that it has a structure that 
re-uses encoding and decoding phases via skip connections 
(Fig. 2); as a result, when images are reconstructed using the 
network, the original image can be reconstructed without 
losing even fine details, meaning that the output images 
have excellent quality [22,23]. The U-Net architecture was 
composed of 23 layers, the number of parameters used was 
5,142,433, and the Jaccard loss function was used. For the 
learning environment, the batch size was set to 8, and the 
number of epochs was fixed to 300 based on an Adam opti-

mizer. The learning rate was set to 0.001 up to epoch 100, 
0.0001 from epoch 100 to 250, and 0.00001 from epoch 250 
to 300.

Ethical statement
Institutional Review Board of Gachon University Gil Medical 
Center approval and signed informed consent were not need-
ed, as the entire study was performed with medical images 
included in public databases.

RESULTS

In this study, deep learning was used to train a model to de-
tect pectoral muscle in MIAS database images. The trained 
model was applied to separately constructed test data to as-
sess its performance. Fig. 3 compares the ground truth data 
from the test data with the results automatically extracted 
using the trained model.

For each cross validation, the model was tested using four 
statistical indices: sensitivity, specificity, accuracy, and dice 
similarity coefficient (DSC). The extracted results of the deep-�
learning model were compared pixel-by-pixel with the ground 
truth data, the true positive (TP), FP, true negative, and FN rates 
were calculated, and the statistical indices were calculated 
using the equations below. From the results of the five cross 
validations, the mean sensitivity was 95.55%, the mean speci-
ficity was 99.88%, the mean accuracy was 99.67%, and the 
mean DSC was 95.88% (Table 1).

Conv 3×3, ReLU
Copy and crop
Max pool 2×2
Up-conv 2×2
Conv 1×1

Fig. 2. The U-Net architecture consisting of encoding and decoding units. conv, convolution; ReLU, rectified linear unit.
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The deep learning-based pectoral muscle detection algo-
rithm was assessed using the same method as our previous 
study on an image processing-based method using the 

RANSAC algorithm, and the results of the two models were 
compared. We assessed the differences between the auto-
mated detection results of the deep learning model and the 
manually drawn ground truth data. Concordance ≥90% be-
tween the deep learning-based automated detection and 
the manual detection images was defined as “good,” concor-
dance ≥50% and <90% was defined as “acceptable,” and 
concordance <50% was defined as “unacceptable” [7]. The 
previous method using the RANSAC algorithm showed 264 

A B C D
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Fig. 3. Examples of pectoral muscle detection results from the test data: (A, C, E, G) original image, (B, D, F, H) deep learning-based automated 
detection results. RMLO, right mediolateral oblique; LMLO, left mediolateral oblique.

Table 1. Results of 5-fold cross validation for the deep learning-
based pectoral muscle detection method

Sensitivity  
(%)

Specificity  
(%)

Accuracy  
(%)

DSC  
(%)

CV1 94.01 99.91 99.57 94.50
CV2 96.40 99.87 99.68 96.78
CV3 95.65 99.90 99.72 96.45
CV4 95.97 99.83 99.66 96.18
CV5 95.73 99.89 99.71 95.49
Total 95.55 99.88 99.67 95.88

DCS, dice similarity coefficient; CV, cross validation.

Table 2. Comparison of performance (categorical) between the 
deep learning-based pectoral muscle detection method and the 
image processing-based method using RANSAC

Good Acceptable Unacceptable

RANSAC method 264 36 22
Deep learning method 322 0 0

RANSAC, random sample consensus.

Table 3. Comparison of performance (detection accuracy) between 
the deep learning-based pectoral muscle detection method and 
the image processing-based method using RANSAC

Category
RANSAC  

method (%)
Deep learning 
method (%)

FP 4.51±6.53 2.88±6.05

FN 5.68±8.57 4.27±8.72

FP <5%, FN <5% 56.5 71.0

5% < FP <15%, 5% < FN <15% 31.5 20.7

15% < FP, 15% < FN 12.0 8.3

Values are presented as mean±standard deviation.	
RANSAC, random sample consensus; FP, false positive; FN, false 
negative.
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“good” results, whereas the deep learning model showed 
322 “good” results (Table 2). The FP and FN rates of the previ-
ous method were, respectively, 4.51%±6.53% and 5.68%±
8.57% (Table 3). In contrast, the FP and FN rates of the deep 
learning method were, respectively, 2.88%±6.05% and 4.27%
±8.72%.

DISCUSSION

This study proposed a pectoral muscle detection method us-
ing deep learning with the MIAS database. Although the pro-
posed method used all the images in the MIAS database, 
there was too little data to construct a separate validation 
set. We used 5-fold cross validation to supplement the short-
age of validation data and to minimize the data dependency 
of the model. The proposed model showed high accuracy, 
with a mean sensitivity of 95.55% and mean DSC of 95.88%.

We also compared the results of the deep learning-based 
pectoral muscle detection method with a previous image 
processing-based pectoral muscle detection method using 
the RANSAC algorithm. While the RANSAC method showed 
“unacceptable” results for 22 images, the deep learning 
method did not show “unacceptable” results for even a sin-
gle image. Moreover, when the misdetection rate was in-
spected, the RANSAC algorithm showed FP and FN rates 
<5% for only 56.5% of the images, whereas the deep learn-
ing algorithm showed a higher proportion of images (71.0%) 
with FP and FN rates <5%. These results demonstrate that 
the deep learning algorithm achieved more accurate and 
more stable detection results than the RANSAC algorithm.

In image processing, RANSAC is an algorithm for approxi-
mation. Approximation cannot guarantee the detection of an 
accurate pectoral muscle region. Although there have been 
attempts to approximate the area of a curved pectoral mus-
cle using nonlinear RANSAC, it is quite difficult to accurate 
approximate the pectoral muscle. This weakness is thought 
to have led to the 22 “unacceptable” results. In contrast, be-
cause deep learning makes an overall judgment about the 
shape and the relationship attenuation and pixels based on 
the training images, it requires generalized, diverse training 
data. In this study, we used the same data set in order to 
compare the new model objectively with the previous image 
processing-based pectoral muscle detection algorithm. The 
data set was somewhat small to train a deep learning model. 
The fact that we were still able to obtain relatively good re-
sults is thought to be because the shape and position of the 
pectoral muscle was fairly consistent, and did not differ 

greatly between patients. Although the possibility of overfit-
ting can be suspected, these doubts can be partially resolved 
based on the results of cross validation.

This study had some limitations. In current clinical set-
tings, digital mammography is used in most instances, but 
the MIAS database contains data obtained by scanning film 
mammograms. Therefore, there is no guarantee that a deep 
learning model trained on MIAS data will show good results 
for digital mammograms. In order to resolve this issue, it will 
be necessary to collect more digital mammograms, and to 
further train a deep learning model based on the collected 
data. It will also be important to collect data from diverse 
medical institutions and devices, and to objectively validate 
the deep learning model through multi-center validation. We 
expect that these additional studies would further enhance 
the clinical reliability of the deep learning-based pectoral 
muscle detection method proposed in this report. 

In conclusion, the experiments in this study demonstrated 
that the deep learning-based pectoral muscle detection 
method achieved a more accurate and stable detection rate 
than a previous image processing-based method. We expect 
that this type of deep learning technique could be useful to 
overcome the limitations of conventional image processing 
techniques.
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