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Purpose: Segmentation of the chest wall, is an important component of methods for automated anal-
ysis of breast magnetic resonance imaging (MRI). Methods reported to date show promising results
but have difficulties delineating the muscle border correctly in breasts with a large proportion of
fibroglandular tissue (i.e., dense breasts). Knowledge-based methods (KBMs) as well as methods
based on deep learning have been proposed, but a systematic comparison of these approaches within
one cohort of images is currently lacking. Therefore, we developed a KBM and a deep learning
method for segmentation of the chest wall in MRI of dense breasts and compared their performances.
Methods: Two automated methods were developed, an optimized KBM incorporating heuristics aimed at
shape, location, and gradient features, and a deep learning-based method (DLM) using a dilated convolution
neural network. A data set of 115 T1-weighted MR images was randomly selected from MR images of
women with extremely dense breasts (ACR BI-RADS category 4) participating in a screening trial of
women (mean age 56.6 yr, range 49.5–75.2 yr) with dense breasts. Manual segmentations of the chest wall,
acquired under supervision of an experienced breast radiologist, were available for all data sets. Both meth-
ods were optimized using the same randomly selected 36 MRI data sets from a total of 115 data sets. Each
MR data set consisted of 179 transversal images with voxel size 0.64 mm3 9 0.64 mm3 9 1.00 mm3. In
the remaining 79 data sets, the results of both segmentation methods were qualitatively evaluated. A radiolo-
gist reviewed the segmentation results of both methods in all transversal images (n = 14 141) and deter-
mined whether the result would impact the ability to accurately determine the volume of fibroglandular and
fatty tissue and whether segmentations masked breast regions that might harbor lesions. When no relevant
deviation was detected, the result was considered successful. In addition, all segmentations were quantita-
tively assessed using the Dice similarity coefficient (DSC) and Hausdorff distance (HD), 95th percentile of
the Hausdorff distance (HD95), false positive fraction (FPF), and false negative fraction (FNF) metrics.
Results: According to the radiologist’s evaluation, the DLM had a significantly higher success rate than
the KBM (81.6% vs 78.4%, P < 0.01). The success rate was further improved to 92.1% by combining
both methods. Similarly, the DLM had significantly lower values for FNF (0.003 � 0.003 vs
0.009 � 0.011, P < 0.01) and HD95 (2.58 � 1.78 mm vs 3.37 � 2.11, P < 0.01). However, the KBM
resulted in a significantly lower FPF than the DLM (0.018 � 0.009 vs 0.030 � 0.009, P < 0.01).There
was no significant difference between the KBM and DLM in terms of DSC (0.982 � 0.006 vs
0.984 � 0.008, P = 0.08) or HD (24.14 � 20.69 mm vs 12.81 � 27.28 mm, P = 0.05).
Conclusion: Both optimized knowledge-based and DLM showed good results to segment the pec-
toral muscle in women with dense breasts. Qualitatively assessed, the DLM was the most robust
method. A quantitative comparison, however, did not indicate a preference for one method over the
other. © 2019 The Authors. Medical Physics published by Wiley Periodicals, Inc. on behalf of Ameri-
can Association of Physicists in Medicine. [https://doi.org/10.1002/mp.13699]
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1. INTRODUCTION

Breast cancer is the most common type of cancer in women
in Western countries. Detecting breast cancers at an early
stage yields a survival benefit.1 Mammography screening
programs exist in many countries. The sensitivity of mam-
mography is lower, however, in women with dense breasts
(i.e., American College of Radiology (ACR) class 3 and
ACR class 4), which comprises approximately 40% of the
population.2–4 Moreover, the risk of developing breast cancer
is two- to sixfold higher in women who have a large propor-
tion of fibroglandular tissue in their breasts (i.e., dense
breasts on mammography).2,5,6 Consequently, more sensitive
techniques such as dynamic contrast-enhanced magnetic res-
onance imaging (DCE MRI) are investigated for screening
these women.2 However, DCE MRI is associated with vary-
ing specificity to discriminate between benign and malignant
lesions,7 while it produces more imaging data than a mam-
mographic examination. Hence, computer-aided diagnosis
(CAD) of DCE MRI is becoming increasingly important to
reduce workload and biopsies on benign lesion.

A typical first step in CAD of breast MRI is the defini-
tion of the breast area, which is enclosed by air and the
chest wall. Several methods have shown good results to
detect the anterior tissue–air boundary.8,9 However, detec-
tion of the posterior boundary between the breast and the
chest wall, which is in breast MRI images comprised of
the pectoral muscle and sternum, has not been fully
resolved.9 Current methods have reported large challenges
to delineate the muscle border correctly in patients with
dense breasts (ACR 4) because the contrast between mus-
cle and glandular tissue is poor.10–12

The chest wall is typically delineated using semiauto-
mated computer assisted methods13,14 or automated methods
that result in a roughly estimated chest volume, used by for
example CADstream (Merge Healthcare Inc., Chicago, IL,
USA) and DynaCAD (Invivo, Gainesville, FL, USA). Sev-
eral fully automated detailed methods have also been
reported. These detailed methods can be divided into two
groups, knowledge-based methods and deep learning-based
methods. Knowledge-based methods use intensity operations
and gradient signs,15,16 edge properties8,17–20, or a priori
atlases.9,10 Deep learning-based methods for chest wall seg-
mentation have used artificial neural networks in the form of
convolutional neural networks.12,15,21 The performance of
these methods is difficult to compare as for each method
results have been reported for different data sets, which vary
widely in the number of ACR 4 images included. The largest
ACR 4 data set on which a knowledge-based method has
been evaluated contained 55 cases,17 while the largest data
set on which a deep learning-based method has been evalu-
ated contained 15 ACR 4 cases.21 The reported Dice similar-
ity coefficient (DSC) of deep learning-based methods to
segment the chest wall in extremely dense breasts is 0.921.21

The performance of knowledge-based methods ranges from
0.944 to 0.96.8,17,19,20 A direct comparison of the two
approaches using a large MRI data set of ACR 4 breast

would shed light on the advantages and pitfalls of both
approaches.

The aim of this study is to compare a knowledge-based
and a deep learning-based approach for segmentation of the
chest wall in MR image of extremely dense breasts. Both
methods were optimized and validated using an identical
large data set. Using a large series of MR images, we pur-
sued to minimize selection bias and cover the variety of
ACR 4 breast types. The secondary objective of this study
was to test the effectiveness of various quantitative metrics
to assess chest wall segmentation results in terms of clinical
relevance.

2. MATERIALS AND METHODS

2.A. Study population

MRIs were collected from 115 randomly selected partic-
ipants in the Dense Tissue and Early Breast Neoplasm
ScrEening (DENSE) trial, who were examined in the
University Medical Center Utrecht, Utrecht, the Nether-
lands. The DENSE trial has been described elsewhere.2 In
short, this multicenter randomized controlled trial investi-
gates the additional value of MRI screening in Dutch
women with extremely dense breasts (i.e., ACR4). Written
informed consent was obtained from all patients before
MRI screening. The trial was approved by the Dutch Min-
ister of Health, Welfare and Sport (2011/19 WBO, The
Hague, the Netherlands). The age of the participants ran-
ged from 49.5 to 75.2 yr with an average of 56.6 yr. None
of the selected participants had a lesion suspected of being
malignant.

2.B. MR Imaging

This study used a random subset of 115 T1-weighted MRI
breast scans, acquired in the UMC Utrecht. Each scan con-
sisted of 179 slices. All participants were scanned in prone
position using a Philips Achieva 3 Tesla MR scanner (Philips
Healthcare, Best, the Netherlands). The image data consisted
of high-spatial resolution transversal images, obtained with a
three-dimensional (3D) sequence using a dedicated
phased-array bilateral breast coil (Philips SENSE-Breast7TX
receive coil) with a repetition time of 4.95 ms, an echo
time of 1.87 ms, and a 10°flip angle. Single-slice dimen-
sions were 560 9 560 pixels, the field of view was
360 mm2 9 360 mm2, and the in-plane resolution was
0.64 mm2 9 0.64 mm2 with a slice thickness of 1.00 mm.

To train and validate both automated segmentation meth-
ods, the data set was randomly split in a training set of 36
image sets and a validation set of 79 image sets. Manual refer-
ence segmentations of the chest wall were obtained in all
data sets and used as ground truth for optimization and vali-
dation. The segmentation was performed by contouring in
two-dimentional (2D) transverse images by a Technical
Physician (EV) under supervision of a breast radiologist
(SW) who had 6-yr experience with breast MRI. Interactive
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tools such as Livewire22 and freehand contouring were used,
available in MeVisLab (version 3.0, MeVis Medical Solution
AG, Bremen, Germany).

2.C. Methods

Two methods for segmentation of the chest wall were
developed for the purpose of this study: A knowledge-based
method (Section 2.C.2) and a deep learning-based method
(Section 2.C.3). For both methods the same image prepro-
cessing step was used (Section 2.C.1), the performance of the
methods was compared (Section 2.C.4), and the effect of
combination of the methods was reviewed.

2.C.1. Preprocessing

Prior to segmentation, data were preprocessed. Prepro-
cessing started with the automated definition of a rectangular
region of interest (ROI), containing the area between 1 cm
anterior of the breast tissue and 5 cm posterior of the inter-
mammillary cleft. First, the MRI volume was separated into
foreground and background voxels using Otsu’s method.23

Then, three landmarks were automatically detected in the
resulting binary images (Fig. 1). Landmark 1 corresponded to
the most anterior tissue in the image data set, often the nipple
of one of the breasts. Landmark 2 was the corresponding
landmark at the same transversal image slice. Landmark 3,
was the most posterior air–tissue boundary between the two
detected landmarks, denoting the intermammillary cleft.
For all subsequent analysis, the MRI volume was cropped to
this ROI.

2.C.2. Knowledge-based chest wall segmentation

A knowledge-based method was developed to find the
curve dividing the chest wall and breast in each image. The
method combined heuristics and dynamic program-
ming17,20,24 in two steps. First, a cost image was formed.
Second, a path-finding algorithm was used in the cost
image to trace the border of the chest wall. The total cost
of a path is the sum of cost values along the path in the
underlying image. A high cost is assigned to locations were
the chest wall is unlikely to be present (e.g., inside the
lungs and anterior of the breast). A low cost is assigned to
locations where a clear edge contrast is present. Using this
approach, the shortest path between the two bottom corners
of each transversal slice is forced to go around the lungs
and favor a more posterior path which follows a clear edge
as much as possible. All steps of this automated segmenta-
tion were performed using MATLAB (v R2015a; Math-
works, Natick, MA, USA) running on a desktop PC (Intel
Xeon CPU 3.50GHz, 16GB RAM).

Each image was transformed into a cost image, c
(Fig. 2). In c, each voxel value is inversely proportional to
the likelihood that the border between breast and chest is
present at that location. Four 3D image layers (L1–L4)
formed the cost image. Each layer used image properties

FIG. 1. The definition of the automatically established ROI. Landmark 1 is
the location of the most anterior tissue, landmark 2 the location of the most
anterior tissue in the contra lateral part of the same image slice, and landmark
3 the position of the intermammillary cleft. The ROI was defined around the
landmarks and applied to all slices of the data set.
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to score the cost at each voxel. The cost function was
defined as:

c x; y; zð Þ ¼ ðL1 x; y; zð Þ
� a � L2 x; y; zð Þ þ L3 x; y; zð Þ þ c � L4 x; y; zð Þð ÞÞ2
þ d � f 0 x; y; zð Þð Þ þ 0:1

(1)

where L1–L4 represent different image properties; x, y, and z are
the coordinates of each voxel and a, c, and d are weighting fac-
tors to favor or penalize a specific layer. Image f’ is the cropped
image where voxel intensities were normalized between 0 (no
intensity) and 100 (maximal intensity). Physical path length was
penalized by addition of 0.1 to all voxels in the cost image.

Layer L1 contains the edges resulting from contrast differ-
ences present in the image f’. A part of the border of the chest
wall in T1-weighted MR images is located between low
image intensity muscle tissue and high image intensity fatty
tissue or low image intensity glandular tissue.

L1 x; y; zð Þ ¼ 1� Eðx; y; zÞ where @f 0
@y

� �
\0

1 otherwise

(
(2)

Thus, layer L1 is a binary image where voxels at detected
edges at positions with negative y gradient (anterior–posterior
direction) are assigned a value of 0 and all other voxels a

value of 1. E is the binary result of the Canny edge detection
filter25 using hysteresis thresholds Tl = 0.0125 and
TU = 0.0625 and r =

ffiffiffi
2

p
for the Gaussian smoothing

applied to the normalized image f’. The hysteresis thresholds
were chosen relatively low to include more potential edges.

Layer L2 also is a binary 3D volume which penalizes the
edges, and voxels anterior to the edges found at the transition
between tissue and air:

L2 x; y; zð Þ ¼ G x; y; zð Þ � SE2 (3)

where

G x; y; zð Þ ¼ A x; y; zð Þ � SE1 � A x; y; zð Þ (4)

where A is the complement of the tissue segmentation obtained
using threshold T0 (which is also used during preprocessing).
G is the inner border of the volume segmented as tissue in A,
obtained by dilation �ð Þ of A with a 3x3x1 mm3 structuring
element, SE1. L2 is the dilation result of G with structuring ele-
ment SE2. Element SE2 spans 5.5 x 3.0 x 1.0 mm3 with the
origin in the center of the posterior side of the element. Layer
L2 was weighed by an arbitrarily large factor (a), yielding large
cost for the edges found at the transition between tissue and air.

The third layer, L3, penalized voxels located anterior of the
intermammillary cleft, (Fig. 3). Voxels in rows located

FIG. 2. Overview of layers used to form the Cost image, showing input image (a), the layers of the cost image, L1–L4, and the resulting cost image (b). L1 con-
tains the edges present in the (a), L2 adds information on borders, L3 about vertical position relative to the intermammillary cleft, L4 about glandular fatty tissue
distribution.
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between 15 and 30 mm anterior from the intermammillary
cleft were penalized with weighting factor b, while voxels in
rows located more than 30 mm from the intermammillary
cleft were penalized with weighting factor a.

The fourth layer, L4, exploits the fact that the fatty tissue
typically has higher image intensity on T1-weighted images
than other anatomical structures. The image was segmented
into three pixel-value classes: low, intermediate, and high
image intensity, using fuzzy-c means clustering26 with a fuzzi-
ness factor of 2. In L4, all voxels that are part of the high image
intensity class were set to 1, all other voxels were set to 0.

The cost image, c, was used for tracking the path that
accumulates the smallest sum of cost values from the left to
the right posterior corner. Dijkstra’s algorithm27 was used for
this purpose. The path finding algorithm was applied to all
transversal slices of the cost image separately resulting in one
path for each slice. All paths combined resulted in an irregu-
lar 3D surface, P. The surface of this volume was labeled with
value 1 and all other voxels in the image with 0.

To remove irregularities from the surface, a 2D surface
topography map, H, was formed from surface P. In H, each
pixel was assigned a value equal to the shortest distance of
the surface voxels to the posterior side of the image matrix. A
median filter using a kernel of 15 mm2 9 15 mm2 was sub-
sequently applied to the topography map to remove large
fluctuations in height. The median filtered surface topogra-
phy map, was converted back to a surface M in 3D, where
the surface was labeled with value 1 and the other voxels with
value 0. Finally, a new cost image was composed from sur-
face M, the binary result of the Canny edge detection filter,
E, and the first cost image, c:

c2 x; y; zð Þ ¼
0:1 if M x; y; zð Þ ¼ 1 or E x; y; zð Þ ¼ 1
0:1 if M x; y; zð Þ ¼ 1 and E x; y; zð Þ ¼ 1
e � c x; y; zð Þ Otherwise

8<
:

(5)

Here, e is a weighting factor, set to value 100. Cost image,
c2, was used to find the final chest wall segmentation. First,
the path in the middle transversal slice was tracked. This was
repeated slice by slice, taking into account the path found in
the adjacent slice as follows: Before the path in a next slice is
tracked, the corresponding transversal slice in cost image c2
was updated to prevent irregular surface outcomes. All voxels
in c2 located 4 mm or more from the path in the adjacent

slice were maximally penalized using factor a, which
arranges that the resulting path will not deviate more than
4 mm from the path found in the previous segmented adja-
cent slide.

Optimal results, in the training data, were achieved using
empirically determined weighting factors a = 1e16, b = 10,
c = 10, d = 2, and e = 100. Robustness of the weighting fac-
tors was tested in two ways. First, all possible permutations
(repetition allowed) of weighing factors 2, 10, and 100 for b,
c, d, and e were evaluated to segment the training data. This
confirmed the chosen selection of weighting factors which
resulted in a median DSC28 of 0.985. The DSC is a measure
for the overlap of the segmented breast volume and the
ground truth. Median DSC ranged from 0.910 to 0.985 for all
other possible permutations of the weighing factors (Data
S1). Second, uniform random noise, with a maximum of up
to 100% of the weighing factor, was added to the weighting
factors. This did not lead to significantly different results
(P = 0.19) in the training data with a median DSC of 0.983
compared to a DSC of 0.985 in noiseless images.

2.C.3. Deep learning-based chest wall
segmentation

The second proposed method uses a dilated convolutional
neural network (DCNN) to segment the chest wall. For this
method, we defined chest wall segmentation as a two-class
segmentation problem, where the DCNN should predict a
label 0 for voxels anterior to the chest wall and a label 1 for
voxels posterior to the chest wall. In contrast to a nondilated
CNN, a DCNN stacks layers with increasing rates of dilation,
that is, increasing spacing between kernel elements.

The receptive field is the part of the image taken into
account to predict class probabilities for a voxel. By linearly
increasing the dilation rate from layers 2 through 7, the recep-
tive field grows exponentially to a final width of 131 9 131
voxels. However, the number of parameters in each layer stays
the same. The proposed DCNN provides a receptive field of
259 9 259 in only nine layers (Table I). Without dilation, a
receptive field of this size requires at least 129 layers using
3 9 3 convolutional kernels. The dilation rate does not affect
the number of parameters in a kernel, but it does lower the
number of layers. Hence, a large amount of context can be
taken into account with a low number of trainable parame-
ters, and hence a reduced chance of overfitting.29,30

For each layer of the DCNN used in this study, Table I lists
the number of convolution kernels, the convolution kernel
size, the convolution kernel dilation, and the number of
parameters. In addition, the receptive field at each layer is
listed, that is, the part of the image that is taken into account
to predict a value for a single voxel. The dilation rate is lin-
early increased from 1 to 64 between layers 2 and 8. This
means that at layer 2, there is no spacing between kernel ele-
ments, and at layer 8, kernel elements are spaced 63 pixels
apart. By linearly increasing the dilation rate, the receptive
field grows exponentially to a final width of 259 9 259 pix-
els. However, the number of parameters in each layer stays

FIG. 3. Layer L3 illustrated as an overlay on an MR image of the breast,
weighting factors are indicated on the right of the image.
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the same. To preserve translational equivariance, the kernel
stride is 1 in all cases. Layers 1–10 are each followed by a
rectified linear unit (ReLU), while layer 11 is followed by a
sigmoid function. No skip connections were used in the net-
work.

Given a 2D input sample of 259 9 259 pixels, the DCNN
in Table I will predict a single value for the center pixel. As
the DCNN only uses valid convolutions, no values will be
predicted for the 129 border pixels in each direction. How-
ever, any image larger than 259 9 259 pixels can also be
processed, resulting in a prediction for the voxels in the cen-
ter of that image. We use this principle during training and
testing. During training, we provided the DCNN with
409 9 409 pixel samples and reference predictions for the
151 9 151 pixels in the center (Fig. 4). During testing, we
provided full-size 2D images to the DCNN. To accommodate
for the loss of border pixels, 3D volumes were padded with
voxels in each direction prior to training or testing.

A single DCNN was trained to segment 2D images in
three orthogonal directions: transversal, sagittal, or coronal.
For this, the 36 data sets in the training group were stratified
into two groups: a training set containing 35 data sets and a

validation set containing 1 data set. The latter was used for
hyperparameter optimization. The network was trained for
100,000 iterations using the Adam optimizer31 with a learn-
ing rate of 0.0001. During each training iteration, a mini-
batch consisting of ten images of size 409x409 pixels and
corresponding reference segmentations of 151x151 pixels
(Fig. 4) was randomly selected from the training set. The
DCNN was trained to minimize the Dice loss.32

Dice loss ¼ 1� 2
P

i As pi �Msið ÞP
i As pi þMsið Þ (6)

where As_p is the resulting 3D probability volume, Ms is the
binary 3D volume of the manual segmented chest, and i is
iterating over all voxels. The DCNN was implemented in
Python with PyTorch and experiments were performed using
an NVIDIA Titan X GPU with 12GB RAM.

During testing, the trained DCNN was directly applied to
all 2D images along the three principal axes of the test image
to obtain three 3D probability volumes Fig. 5. These were
averaged and thresholded at P = 0.5 to obtain a binary pre-
diction. Finally, to obtain the surface delineating the chest
wall, the largest component with label 1 (i.e., posterior to the
chest wall) was identified in the binary prediction. A morpho-
logical erosion was applied to this component and the result-
ing mask was subtracted from the component so only the
boundary voxels remain without affecting the border itself.

2.C.4. Evaluation

The automated segmentation method was validated using
qualitative and quantitative metrics. Seventy-nine data sets
were automatically segmented for validation. Quantitatively,
the manual and automatic segmentation results were com-
pared using the total 3D chest volume and slice-by-slice 2D
chest volume using four validation metrics: the DSC,28 false
positive fraction (FPF) or oversegmentation,17 false negative
fraction (FNF) or undersegmentation17, and Hausdorff

TABLE I. The convolutional neural network architecture used in this study. For each layer, the convolution kernel size, the rate of dilation, the receptive field, the
number of output channels, and the number of trainable parameters are listed. The kernel stride is 1 in all cases. Figures in the top row illustrate the receptive field
at each layer shown in orange. [Color figure can be viewed at wileyonlinelibrary.com]

Receptive field

Layer 1 2 3 4 5 6 7 8 9 10 11

Convolution 3 9 3 3 9 3 3 9 3 3 9 3 3 9 3 3 9 3 3 9 3 3 9 3 3 9 3 1 9 1 1 x 1

Dilation 1 1 2 4 8 16 32 64 1 1 1

Field 3 9 3 5 9 5 9 9 9 17 9 17 33 9 33 65 9 65 129 9 129 257 9 257 259 9 259 259 9 259 259 x 259

Channels 32 32 32 32 32 32 32 32 32 192 3

Parameters 320 9248 9248 9248 9248 9248 9248 9248 9344 6912 579

FIG. 4. Given an input image of 259 9 259 pixels, the DCNN will predict a
single value. During training, the DCNN is provided with 409x409 pixel
input samples, and a prediction is made for the 151 9 151 center pixels, with
no loss of resolution.
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distance (HD). The quantitative results of both segmentation
methods were compared using the Wilcoxon signed rank test,
a P-value of less than 0.05 was considered statistically signif-
icant.

The DSC metric was calculated using Eq. (7) characteriz-
ing an overlap measure, that is, the area agreement, between
the automatically (As) and manually (Ms) obtained chest vol-
umes delineated by the found chest wall border and posterior
edge of the ROI.

DSC ¼ 2 As \Msð Þ
AsþMsð Þ (7)

The FPF and FNF were calculated using Eqs. (8) and (9)

FPF ¼ AsnMs
AsnMsþ As \Ms

(8)

FNF ¼ MsnAs
MsnAsþ As \Ms

(9)

where \ denotes the intersection of the set of volume pixels
and \ the complement.

The fourth metric to score the automatically obtained seg-
mentations was the HD metric. The HD reflects the maximal
Euclidian distance between manually and automatically
delineated borders. The HD is generally sensitive to outliers,
therefore, we used the quantile method proposed by Hutten-
locher et al.33 According to the HD quantile method, the HD
is defined to be the qth quantile of distances, instead of the
maximum. In this study, we selected the 95th percentile,
HD95th

.

In addition to the quantitatively scoring, all segmented
slices were scored qualitatively by a radiologist. For this pur-
pose, segmentation errors were divided into four categories:

1. Correctly delineated
2. Undersegmentation: chest wall is segmented as breast

tissue.
3. Mild oversegmentation: soft tissue other than breast tis-

sue is segmented as chest wall, or deviation to target is
smaller than 2 mm.

4. Severe oversegmentation: breast tissue is segmented as
chest wall.

Any form of oversegmentation, where breast tissue was
segmented as chest, was considered to be worse than under-
segmentation because it masks breast tissue and may thus
cover breast lesions. Based on the BIRADS atlas,34 where
breast foci have a maximal diameter less than 5 mm and
breast lesions have a maximal diameter of at least 5 mm, we
set the threshold between mild and severe over segmentation
at 2 mm to minimize the chance of missing a lesion mass
when mild oversegmentation was present. The qualitative
results of both methods were compared using the McNemar
chi squared test where p-value smaller than 0.05 is consid-
ered significant.

Furthermore, associations between quantitative results and
qualitative results were shown using the Wilcoxon signed-
rank test.

3. RESULTS

Quantitatively, no significant difference was present
between both methods according to the DSC and HD metric.
Nonetheless, the FPF of the KBM was significantly lower
compared than that of the DLM. Both FNF and HD95 were
significantly lower in the DLM compared to the KBM
(Fig. 6). In other words, the KBM outperformed the DLM in

FIG. 5. The dilated neural network segments each data set along the three principal axes, resulting in three equal volumes with a segmentation result of the chest
volume. The three resulting class probabilities were averaged and thresholded to obtain the final segmentation. [Color figure can be viewed at wileyonlinelibra
ry.com]
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terms of FPF, but the DLM outperformed the KBM in terms
of FNF and HD95.

Qualitatively compared, the DLM performed significantly
better than the KBM according to the McNemar chi square
test, P < 0.01. The success rate of the DLM was higher com-
pared to the success rate of the KBM, 0.82 vs 0.78 respec-
tively (Table II). In 7.9% of the slices both methods were not
successful, in other words 92.1% of the slices were seg-
mented correctly by one of the methods.

We found that the qualitative analysis reflected the num-
bers found in the quantitative analysis. Slices that were scores
as category 1 had the highest DSC, while slices scored as cat-
egory 3 and 4 had the highest FPF (Fig. 7). Upon closer
inspection, we found that the DLM mostly had problems
finding the correct chest wall in MR images of rare anatomy,
for example where glandular tissue did continue deep into the
axilla. Conversely, the tendency of the KBM to find a mini-
mum cost path sometimes resulted in unwanted shortcuts.
These occurred when the pectoral muscle had irregularities,
for example, in or near the shoulder where the detected bor-
der was located posterior of the chest wall border (Fig. 8).

The computation time to process one 3D breast MRI
data set was 5.1 min for the KBM (Intel Xeon CPU
3.50GHz, 16GB RAM) and 10 s for the DLM (NVIDIA
Titan X GPU with 12GB RAM). The total training time for
the DLM method was 40 h.

4. DISCUSSION

This study shows that an optimized knowledge-based
method and deep learning method can trace the chest wall
border in 79 independent MRI data sets (i.e., not previously
seen) of extremely dense breasts (i.e., ACR class 4). Both
methods were qualitatively and quantitatively evaluated in
data set consisting of 79 new screening MR images of
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Metric DLMa KBMa p-value
DSC 0.982(0.006) 0.984(0.008) 0.08
HD (mm) 12.81(27.28) 24.14(20.69) 0.05
HD95 (mm) 2.58(1.78) 3.37(2.11) <0.01b

FPF 0.030 (0.009) 0.018(0.009) <0.01b

FNF 0.003(0.003) 0.009(0.011) <0.01b
amedian and interquartile range    
bsignificant difference

FIG. 6. Quantitative results of automated segmentation methods compared to the ground truth. Results of statistical comparison between methods using the Wil-
coxon signed rank test are shown in the bottom right corner of each graph. The table shows a summary of the quantitative results.

TABLE II. Shows an overview of the rating of the radiologist of each seg-
mented slice for both methods. Category 1 is successfully segmented, cate-
gory 2 is for undersegmentation, category 3 mild oversegmentation, and
category 4 severe oversegmentation. As shown in the table 9596 (67.9%)
slices were segmented correctly by both methods and 13,029 (92.1%) slices
were segmented correctly by at least one of the proposed segmentation
methods.

DLM
category 1

DLM
category 2

DLM
category 3

DLM
category 4 Total

KBM category 1 9596 648 413 430 11087

KBM category 2 929 303 120 124 1476

KBM category 3 515 44 120 99 778

KBM category 4 498 66 104 132 800

Total 11538 1061 757 785 14141

DLM, deep learning-based method; KBM, Knowledge-based method.
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extremely dense breasts. For the DSC, no significant differ-
ence was found between the two methods. Although the
KBM showed better performance in terms of FPF, the DLM
outperformed the KBM in terms of FNF and HD95.

A number of studies on chest wall segmentation have been
published that describe and evaluate the results in quantitative
terms. Only few studies10,12,17 described the type of segmen-
tation error, while none described the location of the error.
These are important aspects, because some errors may lead to
clinically unacceptable results while others will have negligi-
ble clinical impact. The quantitative results of other methods
are summarized in Table III. As shown, both methods pre-
sented in this study perform at least as well or better than pre-
viously published methods, although the methods are not

directly comparable due to the use of different data sets. For
a fair comparison, we additionally implemented a state-of-
the-art knowledge-based method and a deep learning-based
method to segment the same test data. We chose the KBM
method of Milenkovic20 because it is the best performing
method reported in the literature for extremely dense breast
images without fat suppression. In addition we chose the
widely used DLM method U-Net.35 Performances of both
methods are shown in Table III.

In problems with small amounts of training data, the large
number of trainable parameters of a U-Net (31 million) could
increase the risk of overfitting compared to a DCNN which is
using far fewer trainable parameters (82,000). However, in
this study the proposed DLM is on par with U-Net. The
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FIG. 7. Relation between slice by slice quantitative and qualitative scoring. On the x-axis, the four categories of quantitative scoring are present and the qualitative
scoring was found on the y-axis. A significant difference in performance between DLM (red) and KBM (blue) is shown by the *. [Color figure can be viewed at
wileyonlinelibrary.com]

Medical Physics, 46 (10), October 2019

4413 Verburg et al.: Automated chest wall segmentation in MRI 4413

www.wileyonlinelibrary.com


knowledge-based method of Milenkovic performs well, but
has significantly lower DSC, and significantly higher FNF,
FPF, and HD95 compared to both proposed methods.

It should be noted that the presented DSC values are of
the chest volume were all DSC values reported by other
authors are of the breast volume. This choice was made
because the breast volume is also enclosed by the border
between skin and air, whereas the chest volume is only
enclosed by the border of the ROI and found chest wall.
Hence, all results were solely based on the chest wall
segmentation and not on segmentation errors of the skin–air
border.

To the best of our knowledge, no studies have yet system-
atically compared optimized knowledge-based heuristic
methods and artificial intelligence methods for this problem.
This study shows that both presented approaches have advan-
tages and disadvantages. From a practical point of view, deep
learning runs significantly faster and yields more robust

performance in terms of FNF and HD95, while FPF metric
showed a better performance for the KBM. We expect that
false positive results have more severe impact when used in
computer-aided diagnosis because the chance of missing
malign lesions increases, while false negative results will
never remove breast lesions. However, for fibroglandular vol-
ume or breast parenchyma enhancement measurement (BPE)
false negative segmentation results, which are less present at
the DLM, can result in volume over estimation or wrong BPE
values. The complementary nature of both methods resulted
in only 7.9% of the slices that were not fully correct seg-
mented when considered jointly.

Existing methods may show difficulties tracing the chest
wall border due to the lack of contrast between glandular tis-
sue and chest wall tissue10–12 or they perform worse in extre-
mely dense cases compared to segmentation in images of less
dense breast.8 This study showed that the presented methods
can trace the chest wall border in 79 extremely dense breast

(a)

(b)

FIG. 8. Worst-case segmentations by both approaches. Left the result of the KBM (yellow), right of the result of the DLM (yellow), (a) transversal slice of
data set where the lowest DSC (0.955) occurred between manual segmentation (green and dashed) and result of DLM (yellow). (b) transversal slice of data set
where the lowest DSC (0.960) occurred between manual segmentation (green and dashed) and result of KBM (yellow). Segmentation results were dilated for vis-
ibility. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE III. Comparison of the achieved metric values with those found in the literature. When authors split their results by ACR category only the results of the
segmented ACR 4 cases are mentioned.

Author Number of MRI data sets DSC FNF FPF HD95 (mm) HD (mm) ACR 4 Method

Fooladivanda 17a 55 0.946 (0.03) 0.035 (0.021) 0.072 (0.042) NA NA Yes KB

Gallego Ortiz 10a 409 0.88 (0.05) 0.11 (0.05) 0.13 (0.07) NA NA No KB

Gubern Merida 12a 50 0.94 (0.03) 0.04 (0.02) 0.07 (0.06) NA NA No KB

Milenkovic 20a 11 0.949 (0.018) NA NA NA NA Yes KB

Wu 8a 14 0.944 (0.024) NA NA NA NA Yes KB

Jiang 19a 8 0.96 (0.011) NA NA NA NA Yes KB

Wei 18a 99 0.960 (0.017) 0.02 (0.02) 0.01 (0.01) NA NA No KB

Dalmis� 21a 15 0.921 (0.03) NA NA NA NA Yes ML

Milenkovic 20b,c 79 0.956 (0.026) 0.012 (0.006) 0.072 (0.056) 8.42 (4.43) 34.08 (18.63) Yes KB

Ronneberger 35b,c (U-Net) 79 0.983 (0.004) 0.003 (0.002) 0.029 (0.007) 2.21 (0.75) 11.93 (43.08) Yes ML

Proposed methods

DLMb 79 0.982 (0.006) 0.003 (0.003) 0.030 (0.009) 2.58 (1.78) 12.81 (27.28) Yes ML

KBMb 79 0.984 (0.008) 0.009 (0.011) 0.018 (0.009) 3.37 (2.11) 24.14 (20.69) Yes KB

DLM, deep learning-based method; DSC, Dice similarity coefficient; FNF, false negative fraction; FPF, false positive fraction; HD95, 95th percentile of the Hausdorff dis-
tance; HD, Hausdorff distance; ACR, American College of Radiology; KBM, Knowledge-based method.
aMean and SD.
bMedian and interquartile range.
cMethods from literature used to segment the same test data.
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MRI in an independent test set. Since extremely dense breasts
are considered to be the most difficult cases for automatic
segmentation of the chest wall, it is reasonable to assume that
the performance of the KBM will be consistent or better in
MR imaging of breasts with less glandular tissue. However,
for the DLM, training data with less glandular tissue should
also be present in the training data before the method is
expected to perform at comparable levels.

Chest wall segmentation often is a preprocessing step in
automated analysis of breast imaging, for example to measure
breast volume and glandular tissue volume or prior to com-
puter-aided detection of lesions inside the breast. With the
KBM, where the shortest path could result in unwanted short-
cuts, the number of false positives is reduced but it increased
the amount of false negatives. The DLM suffers from larger
false positives fractions but performs better as a whole.
Therefore, we prefer to use the KBM when the aim is to
detect breast lesions, because there is less chance a lesion is
hidden due to a false positive chest wall segmentation, but
when the aim is to measure breast volumes we prefer the
DLM.

As expected there was a relation between the DSC metric
and the scoring of the radiologist. Also the relation between
qualitative false positive categories (3 and 4) and false nega-
tive category (2) and quantitative metrics FPF and FNF was
as expected.

As described by Milenkovic et al.,20 a risk of the dynamic
programming approach (KBM) is the success of the first slice
being segmented: when this segmentation is incorrect, the
error will propagate through to the adjacent slice. In this
study, we selected the middle transverse slice, because this
slice is near to the isocenter of the MRI scanner where the
signal to noise ratio is optimal. Alternative locations to start
this method are slices more superior or inferior, where the
amount of glandular tissue is reduced. The parameter settings
in the KBM were determined empirically by visual inspection
of the layers.

In this work, we used a dilated CNN (DCNN) for segmen-
tation. This architecture has previously shown excellent per-
formance on medical image analysis tasks.29,30,36 The DCNN
was trained to segment 2D slices in the transversal, sagittal,
and coronal images. We also evaluated a DCNN that was
trained to only segment transversal, coronal, or sagittal slices.
This led to significantly lower performance (Data S2), indi-
cating that there is useful information in a combination of the
planes. To further investigate this, we extended the 2D
DCNN to 3D by using 3D convolutional kernels. However,
this required compromising on the size of the receptive field
to accommodate limitations in available RAM on a typical
GPU. Therefore, predictions for a voxel depended on a recep-
tive field of 131 9 131 9 9 voxels centered at that voxel.
This network performed on par with the proposed DLM for
all metrics except the HD95 metric, where it had a significant
lower performance (P < 0.01) (Data S2). In future work, we
may explore other neural network architectures, such as those
with multiscale patch-based networks 37 or ensembles of dif-
ferent architectures 38 for improved results.

A study limitation is that all data were acquired in the
same hospital. It is known that the variation in MR images
quality can be substantial, therefore, for future research we
advise to increase the variation by using images acquired
using MRI systems from different vendors and from different
hospitals. It is conceivable that the accuracy of segmentation
results would be increased with more data, or the methods
become more versatile for different protocols. To achieve this
goal, the KBM may need to adapt its cost functions to differ-
ent protocols, while the parameters in the DLM may need to
be fine-tuned to generalize across protocols. In most cases,
for the DLM, this may mean retraining of the DCNN with
the same hyperparameters. However, if increased complexity
of training data can no longer be accurately represented by
the same number of parameters in the network, the DCNN
architecture may need to be adjusted and new hyperparame-
ters may have to be used.

All methods in this study were developed using a training
and validation set, and evaluated on a separate hold-out test
set. This paradigm was chosen over cross-validation, because
knowledge–based methods cannot be developed in a cross-
validated fashion and our aim was to compare methods on
exactly the same test set.

Finally the effects of inter- and intraobserver variability in
obtaining the manual ground truth segmentation are unknown
in this study and could give more insight on the differences
in performances of the methods.

5. CONCLUSION

We developed two automated methods for segmentation
of the chest wall in MR images of extremely dense breasts.
Both methods were evaluated on an independent data set of
79 MR examinations, and showed a good performance. Both
methods have their strengths and weaknesses. Hence, we con-
sider that the KBM is more suitable for methods where the
aim is breast lesion detection and the faster DLM is prefer-
able when measuring breast volumes, which is important
when determining breast density.
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