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Abstract

Breast cancer is a serious public health problem worldwide. An accurate segmentation of the 
breast lesion is important for clinical applications in monitoring tumor volume and in the 
quantification of tumor characteristics. Dynamic contrast-enhanced magnetic resonance imaging 
can be used in accurate segmentation and quantification of breast lesions. The aim of this review is 
to provide an overview of the methods of breast  lesion segmentation methods in Dynamic 
Contrast-Enhanced MR Images. In this study, semi-automatic and automatic methods are 
reviewed. The algorithms that  are employed in these articles are fuzzy c-means, neural networks, 
marker-controlled watershed, active contour model, Markov random field, connected component 
analysis, graph cut, region growing and level set. The fuzzy c-means clustering algorithm is a 
popular method used by most of the articles. A limitation of many studies is the small number of 
datasets. Although the datasets were not the same throughout the articles, the method used in Pang 
et  al. [7] outperforms the other methods that  showed both good and robust  results and is potential 
for further research.

I. Introduction

A breast  lesion is an abnormal tissue in the breast  that  has the risk to be cancerous. Breast 
cancer is the most common cancer and a leading cause of deaths in females worldwide. However, 
early detection of breast lesions can increase the chance of successful treatment.

Segmentation is the process of dividing an image into regions with similar properties such as 
voxel intensity, color, texture, brightness and contrast. It  is important  to have a good segmentation 
of the breast  lesion in scans because of the better quantification of tumor characteristics, the better 
localization in the radiotherapy treatment, and the better monitoring of response to therapy in 
follow-up sessions.

Segmentation can be done manually by experts, but this is a labor-intensive task and it is 
subject to intra- and inter-observer variability. This variability is highly present in cases where 
both the lesion and the breast tissue would appear white, particularly in dense breast tissue. 
Therefore, automatic segmentation methods are desired. 

Automatic segmentation of breast lesion makes the process more robust  and accurate. 
However, this is a challenging task since the lesions may have complicated topological structures, 
and intensity distributions that are similar to the surrounding tissue. Also the presence of other 
structures that resemble lesions e.g. lymph nodes, parts of blood vessel, may complicate the 
segmentation process.
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X-ray mammography is currently regarded as the standard diagnostic tool for breast cancer. 
The main disadvantage of this method is the possibility of missing the lesion in case of dense-
breast tissue [1, 2]. Dynamic contrast-enhanced MR imaging (DCE-MRI) [3] offers superior 
contrast  and high quality images compared to X-ray imaging. Therefore, DCE-MRI provides more 
information on the medical images, and makes it easier to distinguish the lesion from the 
background. Boetes et  al. [4], Esserman et al. [5] and Malur et  al. [6] have compared DCE-MRI 
against other imaging modalities and demonstrated that  DCE-MRI is superior in determining 
breast cancer tumor volume.

In this paper, firstly we provide several methods that segment breast  lesions on DCE-MRI 
images in section II. In section III, we review the explained methods, and then we conclude the 
paper.

II. Methods

In this section, we discuss the different types of methods for the segmentation of breast 
lesions. Segmentation methods can be placed in three categories: manual, semi-automatic and 
automatic segmentation methods. Semi-automatic methods require user interaction such as placing 
a seed point or drawing a rectangle around the lesion whereas automatic methods do not require 
any interaction during the segmentation process.

Segmentation based on the marker-controlled watershed

The watershed transform is formally defined in terms of flooding simulations but  can also be 
used for image segmentation. By seeing an image as a surface and take the bright areas as “high” 
and the dark areas as “low” surface, the line that  causes the separation is called the watershed line 
and simplifies the segmentation. This works even better when marking foreground objects and 
background locations.

In Cui et al. [7], first  a human operator draws an ellipse-shaped region of interest (ROI) that 
includes the entire tumor in a user interface. Because this study includes dynamic data, the ROI on 
one slice may not cover the tumor on another slice. Therefore for the initial delineation of the ROI, 
a slice was chosen where the tumor appeared larger than on the other slices so it  would cover the 
whole tumor on the other slices.

In order to use the marker-controlled watershed, two markers are needed that define a search 
space for the detection of the target boundary. The two markers are in fact incorporated in a binary 
mask. To achieve this binary mask a Gaussian mixture modeling is applied on the ROI. This gives 
us an upper threshold, Tupper, and a lower threshold, Tlower, that  is used in the determination of the 
markers. With the dual thresholds two markers are derived. An internal marker which is the area 
inside the ROI whose pixel intensities are higher than Tupper and an external marker which is the 
union of the whole region outside the ROI and the area inside the ROI whose pixel intensities are 
lower than Tlower.
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Now the internal and external markers are determined a gradient  image is taken from the 
smoothed original image with the Sobel operator. To prevent that  local minima will occur 
elsewhere than in the regions of the markers the gradient  image is modified with a grayscale 
reconstruction algorithm [8]. Finally the watershed transform is applied and a final contour is 
obtained between the markers, which completes the segmentation of the tumor.

Now that one slice is processed the slices that  are left  are processed by a propagation strategy 
[9]. The segmented tumor is first dilated with a round structure element, whose diameter was 
proportional to the spacing of the adjacent two slices, so that  this dilated region is used in the next 
slice as the ROI. Together, the dual thresholds are also passed without any change. The same 
procedure is done here. The internal and external markers are determined based on the dual 
thresholds and the watershed transform was performed to segment  the tumor in the current  slice. 
This continues until no pixel in the ROI has an intensity greater than Tupper.

Segmentation based on connected component analysis

Connected component analysis is an algorithm that scans an image and groups its pixels into 
components that share similar pixel intensity values and are in some way connected with each 
other. Each pixel is labeled with a color according to the component it was assigned to.

The complete segmentation process in Meinel et al. [10] included four steps: interactive lesion 
selection, automatic intensity threshold estimation, connected component analysis and a post-
processing procedure for hole-filling and leakage removal. Before any lesion selection can be 
done, the data acquired in this study has to be preprocessed due to using of different  imaging 
protocols at  different  institutions. Preprocessing steps consist  of re-sampling and de-noising of the 
images.

Two different  approaches are used to select a lesion, first  one necessitates the user placing a 
seed point  into the enhancing portion of the lesion and the second approach is done by placing a 
circular ROI around the lesion.

Proceeding to the next  step is the threshold estimation. According to the seed-point-based 
lesion selection 1D rays are casted along directional vectors starting at  the seed-point position 
[Figure 1]. Samples of the image data are sampled along each ray produce a 1D signal per ray. 
What  is expected beforehand is a plunge in the signal intensity at  a boundary, in this case a lesion 
boundary due to the enhancement of the contrast, and therefore the local minima of the derivative 
of the 1D signal will consist  of boundary candidates. Only one boundary candidate will be chosen 
which is the closest to the seed-point. This is repeated for every ray and each will yield one 
boundary candidate. In order to estimate the threshold, first  the most likely outliers are removed 
from the set  by taking 25% of the boundary candidates with the smallest and largest  distance to the 
seed-point. Finally, the threshold value is the mean intensity of the remaining boundary candidates. 
This mean intensity is calculated by reordering the N candidate points in ascending distance from 
the seed-point and applying the following formula:
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where T is the threshold, N is the number of candidate points, I is the intensity, b is the boundary 
point  and σ denotes the permutation used for reordering the bi. The second approach of selecting a 
lesion is done by placing a circular ROI around the lesion. The user can do so by drawing a circle 
with the mouse pointer. For the determination of the seed-point position a strong linear diffusion to 
the ROI is applied and the brightest pixel is used as the seed position.

The third step is a raw segmentation of the breast  lesion which contains errors that  are fixed by 
post-processing. The raw segmentation is performed using the intensity threshold and apply 
connected component (6-connectivity) starting from the seed-point position. Every pixel that  has 
an intensity greater or equal than the threshold is included in the initial segmentation result. The 
errors that arise here are “holes” and leakage into vessels which need to be corrected. The “holes” 
that originate from non-enhancing areas, due to necrosis for example, are filled and any leakage is 
removed from the raw segmentation which concludes the segmentation process.
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Figure 1. Left: A seed-point s placed by the user on the difference image. Middle: Rays are cast along the directional vectors
vi starting at the seed-point position. Along each search ray, the potential position bi of a lesion boundary point is estimated.
In the actual implementation, the rays are cast in 3D through the volume. Right: Potential outliers of the previous step have
been removed. From the remaining boundary point candidates, the threshold estimate is computed by averaging the image
intensity at the candidate point positions according to Eq. [5].

Figure 2. Left: An exemplary search ray as defined in Eq. [1]. Right: Its derivative, the first four members of the initial set
B0 of boundary point candidates as defined in Eq. [2] are labeled. The first three potential candidates (points 0–2) are ruled
out due to the high image intensity at these positions. The fourth point (point 3) is the accepted boundary point candidate for
this ray.
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Figure 1. Seed-point selection along with casted rays along directional vectors starting at seed-point 
position

Segmentation based on neural networks

Unlike most  segmentation methods, segmentation based on neural networks are trainable 
segmentation methods that can learn the distribution patterns of features of pre-known class 
specifications. Consisting of an input layer, a hidden layer and an output layer, each node in a layer 
receives input from all the nodes in the preceding layer. 

The neural networks used in these papers each used a different number of input and output 
nodes, but both used the signal-time curve of each pixel as a feature for the classification. Each 
output node corresponds to a tissue class that the pixel is classified to. The output  nodes results in 
a percentage giving the probability of the pixel belonging to a certain tissue class. This way each 
pixel is classified.

The microcirculation of tissue within malignant and benign lesions is different. This difference 
gives a variation in the MR signal over time what can be used for lesion detection. Several 
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techniques exist that are using this property to analyze these signal-time curves as can be seen in 
Gunnar et  al. [11] and in June S et al. [12]. The use of neural networks over other classification 
techniques for the analysis of signal-time curves can bypass some restrictions of the techniques 
that are mentioned before. Segmenting breast lesions with neural networks is computationally 
faster and does not  require a priori knowledge about the subject, what made it  become a widely 
used technique. Since data are not the same everywhere or a different imaging sequence is used, 
the neural network has to be retrained with the different data sets.

In Lucht  et  al. [13] a multilayer perceptron (MLP) with 28 nodes in the input layer, 4 nodes in 
the hidden layer and 3 nodes in the output layer was used to classify the signal-time curves. The 3 
nodes correspond to “carcinoma”, “benign lesion” and “parenchyma” that  the lesion is classified 
with. The network analyzed the signal-time curve of each pixel and calculated the probability of 
that curve to which class it belongs. After the classification each pixel was superimposed in red or 
green determined by the classification it got. Pixels that were classified as “carcinoma” were 
superimposed in red, pixels that  were classified as benign were superimposed in green and pixels 
classified as “parenchyma” were omitted. This way a segmentation can be made of the lesions by 
extracting the pixels that have the color red or green to further analyze the lesion in detail.

Segmentation based on fuzzy c-means

The fuzzy c-means (FCM) algorithm is an unsupervised learning technique that  is widely used 
in different areas, frequently in pattern recognition. It  is basically a method that clusters a piece of 
data to one or more clusters, meaning to divide a large data set  into smaller data sets of some 
similarity.

As proposed in Chen et al. [14] the method consist  of six steps for the lesion segmentation to 
complete. Firstly, to indicate the location of the lesion a box-shaped ROI containing the lesion is 
selected. This is done by drawing a rectangle around the lesion on the slice where this lesion 
appears at  first, on the slice where this lesion appears as last  and finally some middle slice where 
the rectangle is containing the lesion at his largest  extent. The first and last slices define the cross-
slice extent of the lesion. This ROI is duplicated on each slice and every time series.

Next, the ROI series are enhanced after the contrast  has been delivered. This is done by 
dividing the post  contrast  intensity value of each voxel of every time series by the pre contrast 
intensity value of the same voxel. In other words, you will have an enhancement of every voxel for 
every time series.

In the following step the goal is to partition the voxels in the ROI into two clusters, either 
lesion or non lesion. In order to achieve that  with the FCM algorithm, a partition matrix U and a 
prototype matrix V are needed. The prototype matrix V contains the class prototypes of the voxels 
and the partition matrix U contains the membership of the ith data point to the kth class of each 
voxel. The prototype matrix V is randomly initialized and the partition matrix U is found when 
minimizing the generalized least-squares error function Jm:
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In implementation, matrix V is randomly initialized, and
then U and V are obtained through an iterative process
using equations 3 and 4. FCM and its variants have been
widely used in MR image segmentation (19–21) and
analysis of functional MRI of the human brain (22,23). In
this study, we investigate the use of FCM for segmenta-
tion of breast lesions in DCE-MRI data.

Lesion Segmentation
The proposed lesion segmentation in contrast-enhanced

MRI consists of six consecutive stages: region of interest
(ROI) selection by a human operator, lesion enhancement
within the selected ROI, application of FCM on the en-
hanced ROI, binarization of the lesion membership map,
connected-component labeling and object selection, and
hole-filling on the selected object. Figure 2 shows the

Figure 1. Distribution of lesions in our database based on tumor
size, delineated by a radiologist.

Figure 2. Diagram for the proposed FCM-based lesion segmen-
tation algorithm.
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is a weighting exponent  on each fuzzy membership, and || || denotes the 
Euclidean distance.

Both the matrix U and V are iteratively updated until convergence, meaning that the absolute 
change in consecutive iterations is less than ϵ = 10−5. Matrix U is updated with equation

and matrix V with equation

Because the enhancement  in the lesion area is much more significant  than elsewhere U is the 
lesion membership map. This map is then binarized with a threshold of 0.2.

Due to vessels near the lesion or background noise there might  be some false-positive voxels 
surrounding the lesion which must  be reduced simply because they don’t  contribute to the 
segmentation of the lesion. This is done by a 3D connected-component labeling operation.

Because the lesion might have some necrotic area that  did not  enhance very much during the 
FCM procedure, this part will mistakenly be marked as a non lesion and will be visible as a hole in 
the 3D lesion. These holes are filled based on morphological reconstruction [34] which completes 
the segmentation

Kannan et al. [15] proposed a method that tries to minimize the objective function of FCM. 
This way, pixels whose intensities that are close to the center of its particular cluster will get a high 
membership value and pixels whose intensities are far from the center will get  a low membership 
value. Based on this assumption the clustering of the objects become more reasonable. In the paper 
the breast  is segmented by the new objective function, but  with the same refined FCM lesions can 
be segmented as well.

In Shi et al. [16] the complete segmentation is done by an initial segmentation followed by a 
level set segmentation that  is used to refine the initial segmentation. In both the segmentation 
methods, the FCM clustering is used. The initial segmentation, to obtain an initial segmentation 
volume, starts by assigning each data sample to all predefined clusters with respective likelihoods. 
The objective function used in this iterative process is a generalized least-squares error that is 
optimized during this process. The objective generalized least-squares error function
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In implementation, matrix V is randomly initialized, and
then U and V are obtained through an iterative process
using equations 3 and 4. FCM and its variants have been
widely used in MR image segmentation (19–21) and
analysis of functional MRI of the human brain (22,23). In
this study, we investigate the use of FCM for segmenta-
tion of breast lesions in DCE-MRI data.

Lesion Segmentation
The proposed lesion segmentation in contrast-enhanced

MRI consists of six consecutive stages: region of interest
(ROI) selection by a human operator, lesion enhancement
within the selected ROI, application of FCM on the en-
hanced ROI, binarization of the lesion membership map,
connected-component labeling and object selection, and
hole-filling on the selected object. Figure 2 shows the

Figure 1. Distribution of lesions in our database based on tumor
size, delineated by a radiologist.

Figure 2. Diagram for the proposed FCM-based lesion segmen-
tation algorithm.
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For breast mass segmentation on DCE-MR scans, the ob-
jective function for the FCM clustering was the generalized
least-squares error defined as

J = !
i=1

N

!
j=1

2

uij
2 "xi − c j"2, #1$

subject to

ui1 + ui2 = 1, ! i = 1, . . . ,N ,

where N is the number of voxels in the 3D VOI, xi is a
two-element vector at voxel i described above, c j #j=1 and
2$ are two-element vectors obtained from weighted averag-
ing of xi for the background tissue and the mass, respec-
tively, uij is the likelihood that the voxel xi belongs to cluster
j, and " · " stands for the Euclidean distance. Starting with
random assignments for c1 and c2, we alternately updated the
likelihoods:

ui1 =
"xi − c2"2

"xi − c1"2 + "xi − c2"2

and

ui2 =
"xi − c1"2

"xi − c1"2 + "xi − c2"2 , #2$

and the cluster centers cj:

c1 =
!i=1

N ui1
2 xi

!i=1
N ui1

2 and c2 =
!i=1

N ui2
2 xi

!i=1
N ui2

2 . #3$

This iterative optimization stopped when the objective func-
tion J changed very little #in this study, %Jn+1−Jn%!0.01$
between two consecutive iterations or when a predetermined
number of iterations was reached #N=100$.

For each voxel vi in the 3D VOI, FCM clustering resulted
in a likelihood ui2 that vi belonged to the malignant mass. To
binarize the FCM clustered VOI, we experimentally deter-
mined a threshold T=0.3 on ui2 which was then applied con-
sistently to all masses in the data set. A voxel vi was assigned
to the mass if and only if ui2 was larger than T. Within the
binary 3D VOI, the largest 3D connected component based
on 26 connectivity was selected, and the other voxels were
grouped into the background. Since breast masses on
DCE-MR scans may demonstrate rim enhancement #i.e., the
enhancement is more pronounced at the periphery than the
internal region of the mass$, the object segmented by the
FCM clustering algorithm may contain holes, formed by
groups of voxels assigned to the background tissue that were
completely surrounded by mass voxels. These holes were
filled using morphological filling operation. The final step for
the initial mass segmentation was the morphological opening
operation. It slightly reduced the size of the initial segmented
volume so that the initial segmentation can be inside the
desired mass region. Morphological opening may also split
one connected component into multiple isolated components,
which can be handled effectively using the LS segmentation
algorithm described below.

The clustering method described above utilized the phar-
macokinetic information, because the standard deviation of
the voxel value over the time sequence was one of the ele-
ments used in FCM clustering vector xi. In contrast, the
k-means clustering utilized in our preliminary study made
use of only the difference in voxel values between the post-
and precontrast volumes as the class feature.23 After k-means
clustering, any holes that might exist in the volume were
filled using morphological filtering to obtain an initial seg-
mented volume.

II.D. Level set segmentation

The initial segmentation was refined by the 3D LS
method on the most enhanced postcontrast VOI. The LS
method is a deformable model, which can capture object
shape or surface by numerically solving a well-designed par-
tial differential equation #PDE$. It has several advantages
over its predecessor, the explicit active contour model. For
example, the LS method provides a flexible mechanism al-
lowing topological change in target objects including object
splitting and merging. If a connected object is split into mul-
tiple components by morphological opening in the previous
step, the components that are determined to be parts of the
same object can be reconnected during LS iteration. It can be
extended easily from 2D to 3D or even higher dimensions.
The LS numerical technique for evolving curves in 2D im-
ages or surfaces in 3D volumes has been used in various
applications of image processing, computer graphics, and
computational geometry.35–37 We have previously utilized the
LS method for the segmentation of breast masses on
mammograms.22 In this paper, we extended our implementa-
tion of the 2D LS segmentation on mammograms to 3D on
breast MRI scans. We also employed the FCM clustering
result as an additional external force to regulate the LS evo-
lution. The use of the FCM clustering result to guide the LS
was originally proposed by Suri et al.,36 although our imple-
mentation is different.

The LS formulation in this study is common to that in the
literature.22,35–37 Let !"= #"" /"x ,"" /"y ,"" /"z$ be the gra-
dient of the distance function and V! = #"x /"t ,"y /"t ,"z /"t$ the
velocity field that guides the surface evolution. The success
of the LS segmentation is subject to appropriate design of V! .
In analogy to the explicit active contour model, we may in-
corporate internal forces to guarantee the smoothness of the
surface and external forces to attract the zero LS to a desired
mass surface. The mean curvature #=−!#!" / %!"%$ is a
popular term35 to constrain the surface evolution and the
edge information G" =!I#x ,y ,z$ of the original volume
I#x ,y ,z$ has been used to construct external force in our 2D
mass segmentation on mammograms. For 3D MR scans, we
included a new external force u2#x ,y ,z$, the FCM member-
ship function which quantitatively defines the likelihood that
a voxel at #x ,y ,z$ belongs to a mass. Note that u2 is derived
based on the voxel intensity of the most enhanced VOI and
the voxelwise standard deviation in the spatial-
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volume so that the initial segmentation can be inside the
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the voxel value over the time sequence was one of the ele-
ments used in FCM clustering vector xi. In contrast, the
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use of only the difference in voxel values between the post-
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clustering, any holes that might exist in the volume were
filled using morphological filtering to obtain an initial seg-
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II.D. Level set segmentation

The initial segmentation was refined by the 3D LS
method on the most enhanced postcontrast VOI. The LS
method is a deformable model, which can capture object
shape or surface by numerically solving a well-designed par-
tial differential equation #PDE$. It has several advantages
over its predecessor, the explicit active contour model. For
example, the LS method provides a flexible mechanism al-
lowing topological change in target objects including object
splitting and merging. If a connected object is split into mul-
tiple components by morphological opening in the previous
step, the components that are determined to be parts of the
same object can be reconnected during LS iteration. It can be
extended easily from 2D to 3D or even higher dimensions.
The LS numerical technique for evolving curves in 2D im-
ages or surfaces in 3D volumes has been used in various
applications of image processing, computer graphics, and
computational geometry.35–37 We have previously utilized the
LS method for the segmentation of breast masses on
mammograms.22 In this paper, we extended our implementa-
tion of the 2D LS segmentation on mammograms to 3D on
breast MRI scans. We also employed the FCM clustering
result as an additional external force to regulate the LS evo-
lution. The use of the FCM clustering result to guide the LS
was originally proposed by Suri et al.,36 although our imple-
mentation is different.

The LS formulation in this study is common to that in the
literature.22,35–37 Let !"= #"" /"x ,"" /"y ,"" /"z$ be the gra-
dient of the distance function and V! = #"x /"t ,"y /"t ,"z /"t$ the
velocity field that guides the surface evolution. The success
of the LS segmentation is subject to appropriate design of V! .
In analogy to the explicit active contour model, we may in-
corporate internal forces to guarantee the smoothness of the
surface and external forces to attract the zero LS to a desired
mass surface. The mean curvature #=−!#!" / %!"%$ is a
popular term35 to constrain the surface evolution and the
edge information G" =!I#x ,y ,z$ of the original volume
I#x ,y ,z$ has been used to construct external force in our 2D
mass segmentation on mammograms. For 3D MR scans, we
included a new external force u2#x ,y ,z$, the FCM member-
ship function which quantitatively defines the likelihood that
a voxel at #x ,y ,z$ belongs to a mass. Note that u2 is derived
based on the voxel intensity of the most enhanced VOI and
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The LS numerical technique for evolving curves in 2D im-
ages or surfaces in 3D volumes has been used in various
applications of image processing, computer graphics, and
computational geometry.35–37 We have previously utilized the
LS method for the segmentation of breast masses on
mammograms.22 In this paper, we extended our implementa-
tion of the 2D LS segmentation on mammograms to 3D on
breast MRI scans. We also employed the FCM clustering
result as an additional external force to regulate the LS evo-
lution. The use of the FCM clustering result to guide the LS
was originally proposed by Suri et al.,36 although our imple-
mentation is different.

The LS formulation in this study is common to that in the
literature.22,35–37 Let !"= #"" /"x ,"" /"y ,"" /"z$ be the gra-
dient of the distance function and V! = #"x /"t ,"y /"t ,"z /"t$ the
velocity field that guides the surface evolution. The success
of the LS segmentation is subject to appropriate design of V! .
In analogy to the explicit active contour model, we may in-
corporate internal forces to guarantee the smoothness of the
surface and external forces to attract the zero LS to a desired
mass surface. The mean curvature #=−!#!" / %!"%$ is a
popular term35 to constrain the surface evolution and the
edge information G" =!I#x ,y ,z$ of the original volume
I#x ,y ,z$ has been used to construct external force in our 2D
mass segmentation on mammograms. For 3D MR scans, we
included a new external force u2#x ,y ,z$, the FCM member-
ship function which quantitatively defines the likelihood that
a voxel at #x ,y ,z$ belongs to a mass. Note that u2 is derived
based on the voxel intensity of the most enhanced VOI and
the voxelwise standard deviation in the spatial-
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Each pixel will have a likelihood ui1 and ui2. ui1 indicating that how likely vi belongs to the 
background tissue and ui2 telling how likely vi belongs to the malignant mass. To get  a nice and 
clear view of the VOI which voxel belongs to the background tissue and which one to the 
malignant, the FCM clustering is binarized. This is done by assigning each voxel vi to the 
malignant mass if ui2 was larger than a determined threshold T of 0.3. Of this result, the largest  3D 
connected component is selected and the rest of the voxels were put in the background.

Breast masses on DCE-MR scans may demonstrate rim enhancement  causing the segmented 
object  containing holes. These are formed by groups of voxels that were assigned to the 
background tissue and surrounded by voxels that  were assigned to the malignant  mass. A 
morphological filling operation is used to fill these holes followed by a morphological opening 
operation. This completes the initial mass segmentation. 

The 3D level set method refines the initial segmentation. The FCM clustering result  is used in 
the 3D level set  (LS) method as an extra external force for the regulation of the LS evolution. The 
rest  of the LS formulation used is common to that in the literature [17-19]. The new included 
external force u2(x, y, z) is the FCM membership function that quantitatively defines the likelihood 
that a voxel belongs to a mass. This membership u2 is based on the voxel intensity of the most 
enhanced VOI and also includes the dynamic enhancement  information. The partial differential 
equation used is formulated as

where      and  . The free parameter α regulates the external force u2

This formula contains the information that  the LS should move fast on a flat surface and 
evolve slowly when nearing object edges.

In Pang et al. [20] an experienced radiologist identifies suspicious areas of breast  lesions by a 
rectangle region of interest. These rectangle regions interest serve as an input in the two-step 
segmentation method, segmentation by fuzzy c-means and snake algorithm, to find the exact 
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FCM clustering algorithm may contain holes, formed by
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completely surrounded by mass voxels. These holes were
filled using morphological filling operation. The final step for
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operation. It slightly reduced the size of the initial segmented
volume so that the initial segmentation can be inside the
desired mass region. Morphological opening may also split
one connected component into multiple isolated components,
which can be handled effectively using the LS segmentation
algorithm described below.

The clustering method described above utilized the phar-
macokinetic information, because the standard deviation of
the voxel value over the time sequence was one of the ele-
ments used in FCM clustering vector xi. In contrast, the
k-means clustering utilized in our preliminary study made
use of only the difference in voxel values between the post-
and precontrast volumes as the class feature.23 After k-means
clustering, any holes that might exist in the volume were
filled using morphological filtering to obtain an initial seg-
mented volume.

II.D. Level set segmentation

The initial segmentation was refined by the 3D LS
method on the most enhanced postcontrast VOI. The LS
method is a deformable model, which can capture object
shape or surface by numerically solving a well-designed par-
tial differential equation #PDE$. It has several advantages
over its predecessor, the explicit active contour model. For
example, the LS method provides a flexible mechanism al-
lowing topological change in target objects including object
splitting and merging. If a connected object is split into mul-
tiple components by morphological opening in the previous
step, the components that are determined to be parts of the
same object can be reconnected during LS iteration. It can be
extended easily from 2D to 3D or even higher dimensions.
The LS numerical technique for evolving curves in 2D im-
ages or surfaces in 3D volumes has been used in various
applications of image processing, computer graphics, and
computational geometry.35–37 We have previously utilized the
LS method for the segmentation of breast masses on
mammograms.22 In this paper, we extended our implementa-
tion of the 2D LS segmentation on mammograms to 3D on
breast MRI scans. We also employed the FCM clustering
result as an additional external force to regulate the LS evo-
lution. The use of the FCM clustering result to guide the LS
was originally proposed by Suri et al.,36 although our imple-
mentation is different.

The LS formulation in this study is common to that in the
literature.22,35–37 Let !"= #"" /"x ,"" /"y ,"" /"z$ be the gra-
dient of the distance function and V! = #"x /"t ,"y /"t ,"z /"t$ the
velocity field that guides the surface evolution. The success
of the LS segmentation is subject to appropriate design of V! .
In analogy to the explicit active contour model, we may in-
corporate internal forces to guarantee the smoothness of the
surface and external forces to attract the zero LS to a desired
mass surface. The mean curvature #=−!#!" / %!"%$ is a
popular term35 to constrain the surface evolution and the
edge information G" =!I#x ,y ,z$ of the original volume
I#x ,y ,z$ has been used to construct external force in our 2D
mass segmentation on mammograms. For 3D MR scans, we
included a new external force u2#x ,y ,z$, the FCM member-
ship function which quantitatively defines the likelihood that
a voxel at #x ,y ,z$ belongs to a mass. Note that u2 is derived
based on the voxel intensity of the most enhanced VOI and
the voxelwise standard deviation in the spatial-

5056 Shi et al.: Treatment response assessment of breast masses on DCE-MRI 5056

Medical Physics, Vol. 36, No. 11, November 2009

pharmacokinetic VOI, and hence includes the dynamic en-
hancement information. The LS PDE for breast mass seg-
mentation is formulated as

!!

!t
+ !"V! 0" − b" + #u2#""!" + G! " ! = 0, !4#

where "V! 0"=1 /1+ "G! " and b=2"V! 0". The free parameter #
regulates the external force u2. As # increases, dynamic en-
hancement will have a stronger impact on the LS evolution.
We chose #=0.5 experimentally for the segmentation task in
this study. The intuitive idea behind Eq. !4# is that the LS
should move fast on a flat surface, while it should evolve
slowly as it approaches object edges. Because boundaries of
breast masses may be vague, segmentation leak is a chal-
lenge for breast mass segmentation. We used the homogene-
ity constraint to reduce segmentation leak.22 During evolu-
tion of the 3D zero LS surface, outer border voxels were
examined and added to the existing mass region only if high
homogeneity of mass gray level can be maintained.

Our preliminary LS implementation did not use the exter-
nal force u2 and was initialized by k-means clustering. The
LS method described above included the external force u2
and was initialized by FCM clustering. In the following dis-
cussion, when the two methods are compared, the former
method is referred to as LS!k means# and the latter as LS-
!FCM#. For simplicity, the latter method is also referred to
only as LS, since it is the main focus of this study.

II.E. Performance measure

The mass volumes extracted by FCM-based initial seg-
mentation, LS!FCM#, and LS!k means# were compared to
the reference standard, i.e., the radiologist’s manual segmen-
tation. Pearson’s correlation coefficient was used to measure
the correlation between the computer segmentation and the
reference standard. Paired Student’s t test was used to evalu-
ate the significance of the differences between the extracted
volumes. An alpha level of 0.05 was defined as the signifi-

cance criterion. To study the intraobserver variability, vol-
umes obtained from the radiologist’s manual segmentation in
two different reading sessions were compared using Pear-
son’s correlation coefficient and paired Student’s t test.

Physicians commonly compare mass sizes in pre- and
postchemotherapy images to monitor cancer response to neo-
adjuvant chemotherapy. For example, in a previous study at
our institution, a 70% decrease in volume was defined as
pathological partial response and 70% increase in volume as
pathological progressive response.24 Since the change in
mass volume is an important indication of chemotherapy re-
sponse, we evaluated the difference between the change of
mass volume estimated from computer segmentation and ra-
diologist’s manual segmentation. We defined the percentage
volume reduction !PVR# as follows:

PVR = $1 −
Vpostchemo

Vprechemo
% $ 100% , !5#

where Vpostchemo and Vprechemo denote the volumes of the same
mass before and after chemotherapy, respectively. Pearson’s
correlation coefficient was used to measure the correlation
between the computer estimation and the reference standard.
Paired Student’s t test was used to evaluate the statistical
significance of the difference in PVRs estimated by the radi-
ologist and the computer.

We also compared the computer segmentation results with
the radiologist’s manual segmentation in terms of volume
overlap ratios. Let VC and VR denote the mass volumes esti-
mated by computer and by the radiologist, respectively. Sev-
eral definitions have been used and discussed in the literature
for measuring how well two objects overlap. In this study,
we used two volume overlap ratios defined as

(a)

(b)

(c)

(d)

FIG. 5. Mass segmentation on a breast DCE-MR scan. !a# Original postcon-
trast VOI containing a prechemotherapy breast mass at the time of maxi-
mum enhancement &the sixth time point in Fig. 4!a#'. !b# Initial segmenta-
tion by the FCM clustering using the information from the VOI at maximum
enhancement and the spatial-pharmacokinetic VOI &Fig. 4!b#' and the mor-
phological filters. !c# Automated refinement by the LS method. !d# Manual
segmentation by the radiologist.
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contour of the lesions. The first  segmentation method produces an initial segmentation of the ROI. 
This initial segmentation is then refined by the gradient vector flow (GVF) snake method.

Since the breast contains soft and different tissues, the MR images have overlapping 
intensities. This is because of the noise and blur in the acquisition what makes it hard to 
distinguish borders in the MR image. Also, if the resolution of a scanner is not high enough it may 
contribute an additional problem of blurred borders in the MR image. This is because resolution 
can be thought  of as the ability to depict two distinct  events in spatial resolution. Therefore, the 
higher the resolution of the medical imaging system the lower the blurring.

The advantage of the FCM clustering method in this case is that  it  allows voxels belong to 
different  clusters with a certain likelihood. The final initial segmentation contains a binarized 
image that is formed by binarizing the membership map with a likelihood threshold of 0.5. This 
binarized image is then morphologically filled, morphologically opened and applied 2D 
connected-component labeling. This results in a segmentation that is slightly reduced in size.

Next, the refinement  of the initial segmentation starts by applying the GVF snake model. In 
this segmentation method, a curve is tried to fit  to the contour of the lesion that is driven by two 
forces. An “internal force” and an “external force” are forcing the curve its way to the contour. 
Such a curve can capture the irregular shapes and shape deformations that are known in lesions.

The external field is the vector field v(x, y) that is defined as (u(x, y), v(x, y)). This external 
field minimizes the energy functional

where µ is a regularization parameter. The parameter curve is defined as x(s) = (x(s), y(s)) 
where s denotes an arc length parameter. The segmentation of the GVF is done when a balance is 
reached between the internal force and the external force. The internal force is defined as αx′′(s) - 
βx′′′′(s). The function of the internal force is to prevent  the curve from stretching and bending 
excessive, where at  the same time the external force is pulling the curve toward the contour of the 
lesion. In some situations it  can be hard to reach a balance due to a too blurry or complex image. 
In that case a maximum number of iterations is set.

Segmentation based on Markov Random Field model

The Markov Random Field (MRF) model is a statistical model that can be used in 
segmentation methods. Despite of its widely usage in medical image segmentation it has two 
critical weaknesses. Its computational complexity and sensitivity of the result  to the models 
parameters. 

In Azmi et al. [21] they overcome these weaknesses by presenting an Improved-Markov 
Random Field (I-MRF) method. The purpose of MRF is to assign a pixel to a class in which the 
neighbors pixels are assigned to. This makes this method not a segmentation method in itself but 
more a statistical model. This method is therefore used in combination with the Finite Gaussian 
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tube; (3) all patients accepted sagittal vibrant multitemporal
DCE-MRI using 3D Fast FSPGR pulse sequence and the
following parameters: FA = 12, BW = 83.33, matrix = 288
× 288, FOV = 38 mm, phase FOV = 0.90, Frep DIR = A/P,
multiphase = 8∼10, Zip = 2, THK = 3.4 mm and locs per
slab = 50 mm; (4) the initial section of the dynamic study
was obtained in the sagittal plane at 20 second intervals for
11 minutes. After that, cross-sectional and sagittal MRI was
employed using fat-suppressed enhanced T1WI sequence.

2.2. Initial Segmentation. Segmentation accuracy has a con-
siderable influence on the subsequent characterization used
to differentiate between benign and malignant breast lesions.
Because of this reason, an experienced radiologist is included
to identify the suspicious areas of breast lesions by firstly
locating and defining a rectangle region of interest, as shown
in Figure 2(a). The regions of interest serve as an input
to the following sections. Then a two-step segmentation
method is used to find out the accurate contour of a
lesion. FCMs clustering based method is used to produce
an initial segmentation of the ROI before the GVF snake for
refinement is carried out.

The FCMs is an unsupervised machine learner in the
pattern-recognition field and it has been widely used in
image processing as well [23]. MR images always present
overlapping intensities for different tissues because of the
noise and blur in acquisition. The borders between different
tissues are intrinsically fuzzy. The conventional (hard)
clustering methods forces pixels to belong exclusively to one
class. Therefore, fuzzy c-means clustering (FCMs) method
allows uncertain belonging by a varying membership map
and turns out to be particularly suitable for the segmenta-
tions of MR images.

In this study, the FCMs method is applied to the ROI for
building the likelihood membership map (cluster number, 2;
weighting exponent, 2; stop criteria, 0.0005, max iteration,
100). To binarize the membership map, we have referred
to some articles [10, 13] and experimentally determined a
likelihood threshold T = 0.5. Within the binary member-
ship map, the processes including hole-filling, morpholog-
ical opening, and two-dimensional connected-component
labeling (8-connected objects) are carried out to remove
the disconnections from the main lesion part. Finally, an
initial segmentation is obtained with a slightly reduced size.
Figure 2(b) shows an initial lesion segmentation using the
FCMs-based method.

2.3. GVF Segmentation. In this study, the gradient vector
flow (GVF) snake model is applied to further refine the
initial segmentation. Here the word “snake” refers to a curve
that can deform under the influence by both “internal”
and “external” forces [24]. GVF snake model are commonly
applied to medical images because they can capture the irreg-
ular shapes and shape deformations found in anatomical
structures. Its main contributions are to overcome leakage
at weak boundaries in progressing snakes into concave
boundary regions. As for the GVF snake model, the external
force field is defined as a diffusion of the gradient vectors of

a gray-level edge map derived from the image [25]. The edge
map f (x, y) derived from an image I(x, y) is defined as

f
!
x, y

"
=
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!
x, y

"##2. (1)

The GVF external field is the vector field v(x, y) =
(u(x, y), v(x, y)) that minimizes the energy functional
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where µ is a regularization parameter governing the tradeoff
between the first term and the second term in (2). According
to [25], we chose µ = 0.1 experimentally for the segmenta-
tion task in our study.

A GVF snake is a parameter curve defined as

x(s) =
!
x(s), y(s)

"
, (3)

where s denotes an arc length parameter. The curve deforms
iteratively until reaching a balance between the internal force
Fint and the external force Fext. The internal and external
forces are

Fint = αx′′(s)− βx′′′′(s),

Fext = v
!
x, y

"
,

(4)

where α and β are weighting parameters that control the
snake’s tension and rigidity and experimentally set as 0.01
and 0 according to [24, 25]. Double and quadruple primes
represent the second- and fourth-order derivatives of x(s),
respectively. The GVF snake model is solved numerically
by discretization and iteration in similar fashion to the
traditional snake [24]. In the iterative procedure, the inter-
nal force prevents the snake contour from stretching and
bending excessive [25], while the external force pulls the
snake toward the real contour. We will set the max iterations
when the snake is iterating to reach a balance. It is hard
to reach a balance when the image is quite blurred and
complex. Figure 2(c) shows the deformation of the GVF
snakes initialized by an FCMs-based method.

2.4. Feature Extraction

2.4.1. Texture Features. Texture is one of the intrinsic
characteristics of an object, and it is important for medical
image analysis [26]. Various textural algorithms have been
proposed by researchers, such as fractal-based description,
texture spectrum, and Markov random field model [27–29].
The GLCM texture method is widely used in medical image
processing through utilizing the relative positions of pixels
[15]. The matrix element pθ,d(i, j) of the GLCM is the joint
probability density of the occurrence for a pixel pair in an
ROI with a defined distance d, direction θ, and gray levels i
and j. We calculated thirteen textural measures for the near-
est pixels (distance: 1 pixel) in four limited directions, 0◦, 45◦,
90◦ and 135◦, respectively. Thirteen features derived from
the GLCM are angular second moment, contrast, correlation,
inverse difference moment, sum average, sum variance, sum

 Page 8 of 21



Mixture (FGM). The FGM is mathematically a simple model and the computation of it  can be 
done efficiently. Not  only the computation efficiency makes it  attractive but also the fact  that MRF 
overcomes the limitation of FGM of not considering spatial information. FGM only uses the 
intensity histogram for segmentation what makes it sensitive to noise and other artifacts.

MRF has in fact  a much larger computation overhead that the FGM due to the use of an 
iterative optimization methods to find appropriate distribution of labels, but its results are better. In 
I-MRF the need of an iterative method is eliminated by applying the ratio of two conditional 
probability distributions to estimate the prior distribution. The main idea of the model is that a 
pixel is more likely to be of a certain tissue type if the neighboring pixels are also of the same 
type.

Segmentation based on geodesic active contour

Geodesic active contours are a novel scheme for the detection of object boundaries. It attempts 

to minimize an energy associated to the current contour as a sum of an internal and external 
energy.

In Shannon et al. [22], before they let any segmentation be done with this method, every 
radiologist-selected slice at  each time point, pre- and post-contrast, where the lesion is visible, a 
three-dimensional matrix is compiled. This matrix is defined as the image scene as following,

2. LESION DETECTION AND SEGMENTATION

2.1. Data Collection

A total of 41 (24 malignant, 17 benign) breast DCE-MRI studies
were collected at the University of Pennsylvania in clinical cases
where a screening mammogram demonstrated a lesion suspicious
for malignancy. All studies were collected under Institutional Re-
view Board approval, and lesion diagnosis was confirmed by biopsy.
Immunohistochemistry was performed on the 24 malignant lesions
to measure estrogen receptor, progesterone receptor, and HER2 re-
ceptor status. Of these, 13 were determined to be TN cases and
11 non-TN. Sagittal T1 weighted, spoiled gradient echo sequences
with fat suppression consisting of one series pre-contrast injection
of Gd-DTPA and three to eight series post-contrast injection were
acquired (Matrix 384×384, 512×512, or 896×896, slice thickness
3cm). Temporal resolution between post-contrast acquisitions was
45-90 seconds. The lesion region of interest (ROI) was then man-
ually segmented in MRIcro [8] by an attending radiologist with ex-
pertise in MR mammography. The radiologist selected a lesion slice
most representative of each lesion, and analyses were performed
only for that slice of the lesion volume.

2.2. Expectation Maximization (EM)-based Lesion Detection
Using Functional Data

For each lesion, the radiologist-selected slice at each timepoint pre-
and post-contrast is compiled into a three-dimensional matrix. We
define the image scene as C = (C, f t), where C is a spatial grid of
voxels c ∈ C and f t is the associated signal intensity at timepoint
t ∈ {0, 1, 2, . . . , T − 1}, where T is the number of timepoints in
the MRI time-series. A signal enhancement curve is then generated
for each voxel based on the signal intensity values at each timepoint.
The coefficients of a third order polynomial (model degree deter-
mined experimentally) are then obtained from fitting the time-series
curve [f0(c), f1(c), f2(c), . . . , fT−1(c)] in a least-squares sense of
each individual c ∈ C and can be expressed as:

f t(c) = ac
3t

3 + ac
2t

2 + ac
1t + ac

0 (1)

The EM algorithm groups all voxels based on a time-series coeffi-
cient matrix, [ac = (ac

3, a
c
2, a

c
1, a

c
0), ∀c ∈ C].

Based on Bayes’ theorem, the EM algorithm aims to compute
the posterior probability, P (Dk|ac), of each voxel c belonging to
class Dk ∈ {1, 2, . . . , K}, given p(Dk|ac), the prior probability
that voxel c belongs to class Dk [9]. In this case, K is the number
of Gaussian mixtures, and we empirically set K = 4, the dimen-
sion of the row vector ac. The algorithm is run iteratively, com-
prising two steps: the Expectation step (E-step) and the Maximiza-
tion step (M-step). The E-step calculates the posterior probability
P (Dk|ac) based on the current parameters of the Gaussian mixture
model while the M-step recalculates or updates the model parame-
ters, Σk = {µk, σk, τk}, where µk and σk are the mean and covari-
ance of each Gaussian component, respectively, and τk are mixture
coefficients in the Gaussian mixture model. After convergence of
EM algorithm, voxel c is assigned to classDk such that the k chosen
corresponds to the class with the highest P (Dk|ac) for that voxel, c.
This class assignment is used in the creation of the binarized scenes
described in the next section.

2.3. Geodesic Active Contour-based Lesion Segmentation

After the EM is calculated, it is used as a specific initialization to an
active contour model to obtain the final lesion segmentation. In this

paper, the Magnetostatic Active Contour (MAC) model as described
in [10] is employed to extract lesion boundaries. The MAC model
implements a bidirectional force field F generated from a hypothet-
ical magnetostatic interaction between the contour and the object
boundary. The force field F drives the contour toward the boundary.
Both the boundary and the contour are treated as current carrying
loops and the magnetic field from the boundary is computed using
the well known Biôt-Savart law. This magnetic field determines the
force F acting on the contour, where F is defined over the entire
scene C. The level set implementation of the contour as proposed in
[10] takes the form:

∂φ
∂n

= αq(C)∇ ·
!

∇φ
|∇φ|

"

|∇φ|− (1− α)F (C) ·∇φ, (2)

where α is a real constant, q(C) = 1/(1+|∇C|) and∇(·) represents
the 2D image gradient
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along the X and Y axes. We
refer the reader to [10] for additional details on the MAC model.

For a given image C, K class likelihood scenes Lk = (C, ℓk)
are constructed where ℓk(c) = P (Dk|ac) for each c ∈ C. For each
Lk, we obtain the corresponding binarized scene LB

k = (C, ℓB
k )

where

ℓB
k (c) =

%

1, if ℓk = max
k

[P (Dk|ac)]

0, otherwise.
(3)

The appropriate scene LB
k representing the lesion class is manually

selected by the user and is used to initialize the active contour. The
initialization of the contour is defined as circles centered at centroids
of the objects detected inLB

k via connected component labeling. The
lesion contour, R, is then evolved until an empirically determined
convergence threshold. Figure 1 illustrates the EM-driven, active
contour-based lesion segmentation.

3. FEATURE EXTRACTION AND CLASSIFCATION

3.1. Morphologic Features

The set of boundary points, R ⊂ C, correspond to the segmented
lesion. 2D morphological features are calculated based on Green’s
theorem, where the centroid coordinates c̄ = (x̄, ȳ) are calculated
from R. From the calculated centroid and area values of the lesion,
the following features are computed [11]: Area overlap ratio, Aver-
age distance ratio, Standard deviation of distance ratio, Variance of
distance ratio, Compactness, and Smoothness.

3.2. Pre-contrast (t=0) Textural Features

3.2.1. Gradient Features

Eleven non-steerable gradient features were obtained using Sobel,
Kirsch and standard derivative operations. Gabor gradient operators
[12] comprising the steerable class of gradient features were defined
for every c ∈ C where c = (x, y),

hu(c) =
1√

2ψXψY

e
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2

&

x2
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2

+ y2

ψY
2

'

cos(2πωx), (4)

where u ∈ {1, 2, . . . , Ugab}, ω is the frequency of a sinusoidal
plane wave along the X-axis, ψX and ψY are the space constraints
of the Gaussian envelope along the X and Y directions, respec-
tively, and Ugab is the number of Gabor filters. Filter orientation,
θ, is affected by the coordinate transformations: x′ = z(x cos θ +
y sin θ) and y′ = z(−x sin θ + y cos θ), where z is the scaling
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is a spatial grid of voxels and f t is the associated signal intensity at  time point  t. The task of 
the EM algorithm, that is run interactively, is then to group all voxels that  are similar on their time-
series coefficient matrix. This is done by computing the posterior probability for every voxel to a 
certain class. The classes in this article are 4 Gaussian mixtures that are chosen empirically. The 
Expectation step of the EM algorithm calculates the probability and the Maximization step 
recalculates or updates the model parameters. Eventually after the EM algorithm is calculated 
every voxel is assigned a class, that  is the class with the highest  probability in the Expectation 
step, resulting in an image with voxels that are assigned to one of the four classes. 

This image is then used as an initialization in the Magnetostatic Active Contour (MAC) model 
[23] to segment the lesions. This segmentation is based on a force field F that  is interacting 
between the contour and the boundary of the object where both are treated as a current  carrying 

loop. For each image scene 

2. LESION DETECTION AND SEGMENTATION

2.1. Data Collection

A total of 41 (24 malignant, 17 benign) breast DCE-MRI studies
were collected at the University of Pennsylvania in clinical cases
where a screening mammogram demonstrated a lesion suspicious
for malignancy. All studies were collected under Institutional Re-
view Board approval, and lesion diagnosis was confirmed by biopsy.
Immunohistochemistry was performed on the 24 malignant lesions
to measure estrogen receptor, progesterone receptor, and HER2 re-
ceptor status. Of these, 13 were determined to be TN cases and
11 non-TN. Sagittal T1 weighted, spoiled gradient echo sequences
with fat suppression consisting of one series pre-contrast injection
of Gd-DTPA and three to eight series post-contrast injection were
acquired (Matrix 384×384, 512×512, or 896×896, slice thickness
3cm). Temporal resolution between post-contrast acquisitions was
45-90 seconds. The lesion region of interest (ROI) was then man-
ually segmented in MRIcro [8] by an attending radiologist with ex-
pertise in MR mammography. The radiologist selected a lesion slice
most representative of each lesion, and analyses were performed
only for that slice of the lesion volume.

2.2. Expectation Maximization (EM)-based Lesion Detection
Using Functional Data

For each lesion, the radiologist-selected slice at each timepoint pre-
and post-contrast is compiled into a three-dimensional matrix. We
define the image scene as C = (C, f t), where C is a spatial grid of
voxels c ∈ C and f t is the associated signal intensity at timepoint
t ∈ {0, 1, 2, . . . , T − 1}, where T is the number of timepoints in
the MRI time-series. A signal enhancement curve is then generated
for each voxel based on the signal intensity values at each timepoint.
The coefficients of a third order polynomial (model degree deter-
mined experimentally) are then obtained from fitting the time-series
curve [f0(c), f1(c), f2(c), . . . , fT−1(c)] in a least-squares sense of
each individual c ∈ C and can be expressed as:
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The EM algorithm groups all voxels based on a time-series coeffi-
cient matrix, [ac = (ac
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Based on Bayes’ theorem, the EM algorithm aims to compute
the posterior probability, P (Dk|ac), of each voxel c belonging to
class Dk ∈ {1, 2, . . . , K}, given p(Dk|ac), the prior probability
that voxel c belongs to class Dk [9]. In this case, K is the number
of Gaussian mixtures, and we empirically set K = 4, the dimen-
sion of the row vector ac. The algorithm is run iteratively, com-
prising two steps: the Expectation step (E-step) and the Maximiza-
tion step (M-step). The E-step calculates the posterior probability
P (Dk|ac) based on the current parameters of the Gaussian mixture
model while the M-step recalculates or updates the model parame-
ters, Σk = {µk, σk, τk}, where µk and σk are the mean and covari-
ance of each Gaussian component, respectively, and τk are mixture
coefficients in the Gaussian mixture model. After convergence of
EM algorithm, voxel c is assigned to classDk such that the k chosen
corresponds to the class with the highest P (Dk|ac) for that voxel, c.
This class assignment is used in the creation of the binarized scenes
described in the next section.

2.3. Geodesic Active Contour-based Lesion Segmentation

After the EM is calculated, it is used as a specific initialization to an
active contour model to obtain the final lesion segmentation. In this

paper, the Magnetostatic Active Contour (MAC) model as described
in [10] is employed to extract lesion boundaries. The MAC model
implements a bidirectional force field F generated from a hypothet-
ical magnetostatic interaction between the contour and the object
boundary. The force field F drives the contour toward the boundary.
Both the boundary and the contour are treated as current carrying
loops and the magnetic field from the boundary is computed using
the well known Biôt-Savart law. This magnetic field determines the
force F acting on the contour, where F is defined over the entire
scene C. The level set implementation of the contour as proposed in
[10] takes the form:
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For a given image C, K class likelihood scenes Lk = (C, ℓk)
are constructed where ℓk(c) = P (Dk|ac) for each c ∈ C. For each
Lk, we obtain the corresponding binarized scene LB
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The appropriate scene LB
k representing the lesion class is manually

selected by the user and is used to initialize the active contour. The
initialization of the contour is defined as circles centered at centroids
of the objects detected inLB

k via connected component labeling. The
lesion contour, R, is then evolved until an empirically determined
convergence threshold. Figure 1 illustrates the EM-driven, active
contour-based lesion segmentation.

3. FEATURE EXTRACTION AND CLASSIFCATION

3.1. Morphologic Features

The set of boundary points, R ⊂ C, correspond to the segmented
lesion. 2D morphological features are calculated based on Green’s
theorem, where the centroid coordinates c̄ = (x̄, ȳ) are calculated
from R. From the calculated centroid and area values of the lesion,
the following features are computed [11]: Area overlap ratio, Aver-
age distance ratio, Standard deviation of distance ratio, Variance of
distance ratio, Compactness, and Smoothness.

3.2. Pre-contrast (t=0) Textural Features

3.2.1. Gradient Features

Eleven non-steerable gradient features were obtained using Sobel,
Kirsch and standard derivative operations. Gabor gradient operators
[12] comprising the steerable class of gradient features were defined
for every c ∈ C where c = (x, y),
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where u ∈ {1, 2, . . . , Ugab}, ω is the frequency of a sinusoidal
plane wave along the X-axis, ψX and ψY are the space constraints
of the Gaussian envelope along the X and Y directions, respec-
tively, and Ugab is the number of Gabor filters. Filter orientation,
θ, is affected by the coordinate transformations: x′ = z(x cos θ +
y sin θ) and y′ = z(−x sin θ + y cos θ), where z is the scaling
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 there will be K, in this case K=4, class likelihood scenes 

constructed 

2. LESION DETECTION AND SEGMENTATION

2.1. Data Collection

A total of 41 (24 malignant, 17 benign) breast DCE-MRI studies
were collected at the University of Pennsylvania in clinical cases
where a screening mammogram demonstrated a lesion suspicious
for malignancy. All studies were collected under Institutional Re-
view Board approval, and lesion diagnosis was confirmed by biopsy.
Immunohistochemistry was performed on the 24 malignant lesions
to measure estrogen receptor, progesterone receptor, and HER2 re-
ceptor status. Of these, 13 were determined to be TN cases and
11 non-TN. Sagittal T1 weighted, spoiled gradient echo sequences
with fat suppression consisting of one series pre-contrast injection
of Gd-DTPA and three to eight series post-contrast injection were
acquired (Matrix 384×384, 512×512, or 896×896, slice thickness
3cm). Temporal resolution between post-contrast acquisitions was
45-90 seconds. The lesion region of interest (ROI) was then man-
ually segmented in MRIcro [8] by an attending radiologist with ex-
pertise in MR mammography. The radiologist selected a lesion slice
most representative of each lesion, and analyses were performed
only for that slice of the lesion volume.

2.2. Expectation Maximization (EM)-based Lesion Detection
Using Functional Data

For each lesion, the radiologist-selected slice at each timepoint pre-
and post-contrast is compiled into a three-dimensional matrix. We
define the image scene as C = (C, f t), where C is a spatial grid of
voxels c ∈ C and f t is the associated signal intensity at timepoint
t ∈ {0, 1, 2, . . . , T − 1}, where T is the number of timepoints in
the MRI time-series. A signal enhancement curve is then generated
for each voxel based on the signal intensity values at each timepoint.
The coefficients of a third order polynomial (model degree deter-
mined experimentally) are then obtained from fitting the time-series
curve [f0(c), f1(c), f2(c), . . . , fT−1(c)] in a least-squares sense of
each individual c ∈ C and can be expressed as:

f t(c) = ac
3t

3 + ac
2t

2 + ac
1t + ac

0 (1)

The EM algorithm groups all voxels based on a time-series coeffi-
cient matrix, [ac = (ac

3, a
c
2, a

c
1, a

c
0), ∀c ∈ C].

Based on Bayes’ theorem, the EM algorithm aims to compute
the posterior probability, P (Dk|ac), of each voxel c belonging to
class Dk ∈ {1, 2, . . . , K}, given p(Dk|ac), the prior probability
that voxel c belongs to class Dk [9]. In this case, K is the number
of Gaussian mixtures, and we empirically set K = 4, the dimen-
sion of the row vector ac. The algorithm is run iteratively, com-
prising two steps: the Expectation step (E-step) and the Maximiza-
tion step (M-step). The E-step calculates the posterior probability
P (Dk|ac) based on the current parameters of the Gaussian mixture
model while the M-step recalculates or updates the model parame-
ters, Σk = {µk, σk, τk}, where µk and σk are the mean and covari-
ance of each Gaussian component, respectively, and τk are mixture
coefficients in the Gaussian mixture model. After convergence of
EM algorithm, voxel c is assigned to classDk such that the k chosen
corresponds to the class with the highest P (Dk|ac) for that voxel, c.
This class assignment is used in the creation of the binarized scenes
described in the next section.

2.3. Geodesic Active Contour-based Lesion Segmentation

After the EM is calculated, it is used as a specific initialization to an
active contour model to obtain the final lesion segmentation. In this

paper, the Magnetostatic Active Contour (MAC) model as described
in [10] is employed to extract lesion boundaries. The MAC model
implements a bidirectional force field F generated from a hypothet-
ical magnetostatic interaction between the contour and the object
boundary. The force field F drives the contour toward the boundary.
Both the boundary and the contour are treated as current carrying
loops and the magnetic field from the boundary is computed using
the well known Biôt-Savart law. This magnetic field determines the
force F acting on the contour, where F is defined over the entire
scene C. The level set implementation of the contour as proposed in
[10] takes the form:

∂φ
∂n

= αq(C)∇ ·
!

∇φ
|∇φ|

"

|∇φ|− (1− α)F (C) ·∇φ, (2)

where α is a real constant, q(C) = 1/(1+|∇C|) and∇(·) represents
the 2D image gradient
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along the X and Y axes. We
refer the reader to [10] for additional details on the MAC model.

For a given image C, K class likelihood scenes Lk = (C, ℓk)
are constructed where ℓk(c) = P (Dk|ac) for each c ∈ C. For each
Lk, we obtain the corresponding binarized scene LB

k = (C, ℓB
k )

where

ℓB
k (c) =

%

1, if ℓk = max
k

[P (Dk|ac)]

0, otherwise.
(3)

The appropriate scene LB
k representing the lesion class is manually

selected by the user and is used to initialize the active contour. The
initialization of the contour is defined as circles centered at centroids
of the objects detected inLB

k via connected component labeling. The
lesion contour, R, is then evolved until an empirically determined
convergence threshold. Figure 1 illustrates the EM-driven, active
contour-based lesion segmentation.

3. FEATURE EXTRACTION AND CLASSIFCATION

3.1. Morphologic Features

The set of boundary points, R ⊂ C, correspond to the segmented
lesion. 2D morphological features are calculated based on Green’s
theorem, where the centroid coordinates c̄ = (x̄, ȳ) are calculated
from R. From the calculated centroid and area values of the lesion,
the following features are computed [11]: Area overlap ratio, Aver-
age distance ratio, Standard deviation of distance ratio, Variance of
distance ratio, Compactness, and Smoothness.

3.2. Pre-contrast (t=0) Textural Features

3.2.1. Gradient Features

Eleven non-steerable gradient features were obtained using Sobel,
Kirsch and standard derivative operations. Gabor gradient operators
[12] comprising the steerable class of gradient features were defined
for every c ∈ C where c = (x, y),

hu(c) =
1√

2ψXψY

e
−1

2

&

x2

ψX
2

+ y2

ψY
2

'

cos(2πωx), (4)

where u ∈ {1, 2, . . . , Ugab}, ω is the frequency of a sinusoidal
plane wave along the X-axis, ψX and ψY are the space constraints
of the Gaussian envelope along the X and Y directions, respec-
tively, and Ugab is the number of Gabor filters. Filter orientation,
θ, is affected by the coordinate transformations: x′ = z(x cos θ +
y sin θ) and y′ = z(−x sin θ + y cos θ), where z is the scaling
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. Each likelihood scene is constructed as following:
In each likelihood scene we construct (C, lk) where lk(c)=P(Dk|ac) ∀C. The result  of Lk is a 

binarized scene. This is obtained by the following formula,

2. LESION DETECTION AND SEGMENTATION

2.1. Data Collection

A total of 41 (24 malignant, 17 benign) breast DCE-MRI studies
were collected at the University of Pennsylvania in clinical cases
where a screening mammogram demonstrated a lesion suspicious
for malignancy. All studies were collected under Institutional Re-
view Board approval, and lesion diagnosis was confirmed by biopsy.
Immunohistochemistry was performed on the 24 malignant lesions
to measure estrogen receptor, progesterone receptor, and HER2 re-
ceptor status. Of these, 13 were determined to be TN cases and
11 non-TN. Sagittal T1 weighted, spoiled gradient echo sequences
with fat suppression consisting of one series pre-contrast injection
of Gd-DTPA and three to eight series post-contrast injection were
acquired (Matrix 384×384, 512×512, or 896×896, slice thickness
3cm). Temporal resolution between post-contrast acquisitions was
45-90 seconds. The lesion region of interest (ROI) was then man-
ually segmented in MRIcro [8] by an attending radiologist with ex-
pertise in MR mammography. The radiologist selected a lesion slice
most representative of each lesion, and analyses were performed
only for that slice of the lesion volume.

2.2. Expectation Maximization (EM)-based Lesion Detection
Using Functional Data

For each lesion, the radiologist-selected slice at each timepoint pre-
and post-contrast is compiled into a three-dimensional matrix. We
define the image scene as C = (C, f t), where C is a spatial grid of
voxels c ∈ C and f t is the associated signal intensity at timepoint
t ∈ {0, 1, 2, . . . , T − 1}, where T is the number of timepoints in
the MRI time-series. A signal enhancement curve is then generated
for each voxel based on the signal intensity values at each timepoint.
The coefficients of a third order polynomial (model degree deter-
mined experimentally) are then obtained from fitting the time-series
curve [f0(c), f1(c), f2(c), . . . , fT−1(c)] in a least-squares sense of
each individual c ∈ C and can be expressed as:

f t(c) = ac
3t

3 + ac
2t

2 + ac
1t + ac

0 (1)

The EM algorithm groups all voxels based on a time-series coeffi-
cient matrix, [ac = (ac

3, a
c
2, a

c
1, a

c
0), ∀c ∈ C].

Based on Bayes’ theorem, the EM algorithm aims to compute
the posterior probability, P (Dk|ac), of each voxel c belonging to
class Dk ∈ {1, 2, . . . , K}, given p(Dk|ac), the prior probability
that voxel c belongs to class Dk [9]. In this case, K is the number
of Gaussian mixtures, and we empirically set K = 4, the dimen-
sion of the row vector ac. The algorithm is run iteratively, com-
prising two steps: the Expectation step (E-step) and the Maximiza-
tion step (M-step). The E-step calculates the posterior probability
P (Dk|ac) based on the current parameters of the Gaussian mixture
model while the M-step recalculates or updates the model parame-
ters, Σk = {µk, σk, τk}, where µk and σk are the mean and covari-
ance of each Gaussian component, respectively, and τk are mixture
coefficients in the Gaussian mixture model. After convergence of
EM algorithm, voxel c is assigned to classDk such that the k chosen
corresponds to the class with the highest P (Dk|ac) for that voxel, c.
This class assignment is used in the creation of the binarized scenes
described in the next section.

2.3. Geodesic Active Contour-based Lesion Segmentation

After the EM is calculated, it is used as a specific initialization to an
active contour model to obtain the final lesion segmentation. In this

paper, the Magnetostatic Active Contour (MAC) model as described
in [10] is employed to extract lesion boundaries. The MAC model
implements a bidirectional force field F generated from a hypothet-
ical magnetostatic interaction between the contour and the object
boundary. The force field F drives the contour toward the boundary.
Both the boundary and the contour are treated as current carrying
loops and the magnetic field from the boundary is computed using
the well known Biôt-Savart law. This magnetic field determines the
force F acting on the contour, where F is defined over the entire
scene C. The level set implementation of the contour as proposed in
[10] takes the form:

∂φ
∂n

= αq(C)∇ ·
!

∇φ
|∇φ|
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|∇φ|− (1− α)F (C) ·∇φ, (2)

where α is a real constant, q(C) = 1/(1+|∇C|) and∇(·) represents
the 2D image gradient
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along the X and Y axes. We
refer the reader to [10] for additional details on the MAC model.

For a given image C, K class likelihood scenes Lk = (C, ℓk)
are constructed where ℓk(c) = P (Dk|ac) for each c ∈ C. For each
Lk, we obtain the corresponding binarized scene LB

k = (C, ℓB
k )

where

ℓB
k (c) =

%

1, if ℓk = max
k

[P (Dk|ac)]

0, otherwise.
(3)

The appropriate scene LB
k representing the lesion class is manually

selected by the user and is used to initialize the active contour. The
initialization of the contour is defined as circles centered at centroids
of the objects detected inLB

k via connected component labeling. The
lesion contour, R, is then evolved until an empirically determined
convergence threshold. Figure 1 illustrates the EM-driven, active
contour-based lesion segmentation.

3. FEATURE EXTRACTION AND CLASSIFCATION

3.1. Morphologic Features

The set of boundary points, R ⊂ C, correspond to the segmented
lesion. 2D morphological features are calculated based on Green’s
theorem, where the centroid coordinates c̄ = (x̄, ȳ) are calculated
from R. From the calculated centroid and area values of the lesion,
the following features are computed [11]: Area overlap ratio, Aver-
age distance ratio, Standard deviation of distance ratio, Variance of
distance ratio, Compactness, and Smoothness.

3.2. Pre-contrast (t=0) Textural Features

3.2.1. Gradient Features

Eleven non-steerable gradient features were obtained using Sobel,
Kirsch and standard derivative operations. Gabor gradient operators
[12] comprising the steerable class of gradient features were defined
for every c ∈ C where c = (x, y),

hu(c) =
1√

2ψXψY

e
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cos(2πωx), (4)

where u ∈ {1, 2, . . . , Ugab}, ω is the frequency of a sinusoidal
plane wave along the X-axis, ψX and ψY are the space constraints
of the Gaussian envelope along the X and Y directions, respec-
tively, and Ugab is the number of Gabor filters. Filter orientation,
θ, is affected by the coordinate transformations: x′ = z(x cos θ +
y sin θ) and y′ = z(−x sin θ + y cos θ), where z is the scaling

����

Authorized licensed use limited to: Rutgers University. Downloaded on August 11, 2009 at 16:26 from IEEE Xplore.  Restrictions apply. 

 Page 9 of 21



From the 4 binarized scenes one is manually selected by the user that will serve as the 
initialization of the active contour.

Segmentation based on graph cut

This article describes a segmentation method that is based on graph-cut. Every pixel with a 
similar temporal enhancement is assigned the same label. For the initialization of the algorithm the 
tumor has to be specified and roughly segmented. Since this method improves on a coarse manual 
segmentation and therefore an expert  rater is not needed, this is done by a manual rater. A 
rectangle region is drawn around the segmented tumor that is specified as a domain for the 
segmentation and a classification of both the tumor and background into 3 classes. This 
classification into 3 classes is done using k-means clustering. The interim result is an image with 3 
labels. The output  of the k-means clustering is used as an initialization in the following energy 
function

that is minimized by the expansion move algorithm [24] where li is the label of pixel i. Factors 
λ1, λ2, λ3 are used to adjust the relative importance of the four terms, and are empirically set to 1, 

Ω represents the image. The terms E1 ensures statistical similarity, E2 penalizes different label 
assignment, E3 introduces fidelity and E4 attempts to find the tumor boundary in the vicinity of 
manually placed contour. When the expansion move algorithm converges, the enhanced tumor 
region is the union of all tumor classes that is found by the algorithm.

2. LESION DETECTION AND SEGMENTATION

2.1. Data Collection

A total of 41 (24 malignant, 17 benign) breast DCE-MRI studies
were collected at the University of Pennsylvania in clinical cases
where a screening mammogram demonstrated a lesion suspicious
for malignancy. All studies were collected under Institutional Re-
view Board approval, and lesion diagnosis was confirmed by biopsy.
Immunohistochemistry was performed on the 24 malignant lesions
to measure estrogen receptor, progesterone receptor, and HER2 re-
ceptor status. Of these, 13 were determined to be TN cases and
11 non-TN. Sagittal T1 weighted, spoiled gradient echo sequences
with fat suppression consisting of one series pre-contrast injection
of Gd-DTPA and three to eight series post-contrast injection were
acquired (Matrix 384×384, 512×512, or 896×896, slice thickness
3cm). Temporal resolution between post-contrast acquisitions was
45-90 seconds. The lesion region of interest (ROI) was then man-
ually segmented in MRIcro [8] by an attending radiologist with ex-
pertise in MR mammography. The radiologist selected a lesion slice
most representative of each lesion, and analyses were performed
only for that slice of the lesion volume.

2.2. Expectation Maximization (EM)-based Lesion Detection
Using Functional Data

For each lesion, the radiologist-selected slice at each timepoint pre-
and post-contrast is compiled into a three-dimensional matrix. We
define the image scene as C = (C, f t), where C is a spatial grid of
voxels c ∈ C and f t is the associated signal intensity at timepoint
t ∈ {0, 1, 2, . . . , T − 1}, where T is the number of timepoints in
the MRI time-series. A signal enhancement curve is then generated
for each voxel based on the signal intensity values at each timepoint.
The coefficients of a third order polynomial (model degree deter-
mined experimentally) are then obtained from fitting the time-series
curve [f0(c), f1(c), f2(c), . . . , fT−1(c)] in a least-squares sense of
each individual c ∈ C and can be expressed as:

f t(c) = ac
3t

3 + ac
2t

2 + ac
1t + ac

0 (1)

The EM algorithm groups all voxels based on a time-series coeffi-
cient matrix, [ac = (ac

3, a
c
2, a

c
1, a

c
0), ∀c ∈ C].

Based on Bayes’ theorem, the EM algorithm aims to compute
the posterior probability, P (Dk|ac), of each voxel c belonging to
class Dk ∈ {1, 2, . . . , K}, given p(Dk|ac), the prior probability
that voxel c belongs to class Dk [9]. In this case, K is the number
of Gaussian mixtures, and we empirically set K = 4, the dimen-
sion of the row vector ac. The algorithm is run iteratively, com-
prising two steps: the Expectation step (E-step) and the Maximiza-
tion step (M-step). The E-step calculates the posterior probability
P (Dk|ac) based on the current parameters of the Gaussian mixture
model while the M-step recalculates or updates the model parame-
ters, Σk = {µk, σk, τk}, where µk and σk are the mean and covari-
ance of each Gaussian component, respectively, and τk are mixture
coefficients in the Gaussian mixture model. After convergence of
EM algorithm, voxel c is assigned to classDk such that the k chosen
corresponds to the class with the highest P (Dk|ac) for that voxel, c.
This class assignment is used in the creation of the binarized scenes
described in the next section.

2.3. Geodesic Active Contour-based Lesion Segmentation

After the EM is calculated, it is used as a specific initialization to an
active contour model to obtain the final lesion segmentation. In this

paper, the Magnetostatic Active Contour (MAC) model as described
in [10] is employed to extract lesion boundaries. The MAC model
implements a bidirectional force field F generated from a hypothet-
ical magnetostatic interaction between the contour and the object
boundary. The force field F drives the contour toward the boundary.
Both the boundary and the contour are treated as current carrying
loops and the magnetic field from the boundary is computed using
the well known Biôt-Savart law. This magnetic field determines the
force F acting on the contour, where F is defined over the entire
scene C. The level set implementation of the contour as proposed in
[10] takes the form:

∂φ
∂n

= αq(C)∇ ·
!

∇φ
|∇φ|
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|∇φ|− (1− α)F (C) ·∇φ, (2)

where α is a real constant, q(C) = 1/(1+|∇C|) and∇(·) represents
the 2D image gradient
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along the X and Y axes. We
refer the reader to [10] for additional details on the MAC model.

For a given image C, K class likelihood scenes Lk = (C, ℓk)
are constructed where ℓk(c) = P (Dk|ac) for each c ∈ C. For each
Lk, we obtain the corresponding binarized scene LB

k = (C, ℓB
k )

where

ℓB
k (c) =

%

1, if ℓk = max
k

[P (Dk|ac)]

0, otherwise.
(3)

The appropriate scene LB
k representing the lesion class is manually

selected by the user and is used to initialize the active contour. The
initialization of the contour is defined as circles centered at centroids
of the objects detected inLB

k via connected component labeling. The
lesion contour, R, is then evolved until an empirically determined
convergence threshold. Figure 1 illustrates the EM-driven, active
contour-based lesion segmentation.

3. FEATURE EXTRACTION AND CLASSIFCATION

3.1. Morphologic Features

The set of boundary points, R ⊂ C, correspond to the segmented
lesion. 2D morphological features are calculated based on Green’s
theorem, where the centroid coordinates c̄ = (x̄, ȳ) are calculated
from R. From the calculated centroid and area values of the lesion,
the following features are computed [11]: Area overlap ratio, Aver-
age distance ratio, Standard deviation of distance ratio, Variance of
distance ratio, Compactness, and Smoothness.

3.2. Pre-contrast (t=0) Textural Features

3.2.1. Gradient Features

Eleven non-steerable gradient features were obtained using Sobel,
Kirsch and standard derivative operations. Gabor gradient operators
[12] comprising the steerable class of gradient features were defined
for every c ∈ C where c = (x, y),

hu(c) =
1√

2ψXψY

e
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cos(2πωx), (4)

where u ∈ {1, 2, . . . , Ugab}, ω is the frequency of a sinusoidal
plane wave along the X-axis, ψX and ψY are the space constraints
of the Gaussian envelope along the X and Y directions, respec-
tively, and Ugab is the number of Gabor filters. Filter orientation,
θ, is affected by the coordinate transformations: x′ = z(x cos θ +
y sin θ) and y′ = z(−x sin θ + y cos θ), where z is the scaling
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III. Discussion

In this section, we review the segmentation methods for breast lesion that  are presented above. 
It  is important to mention that  the datasets used for the evaluation of the methods are different 
from each other, what makes it hard to compare the segmentation results. Table 1 gives an 
overview of the results of the methods. 

In Kannan et  al. [15], most of the experiments are done on synthetic data, but  results on the 
synthetic data was not directly comprehensible because the paper does not provide any explanation 
about how to interpret the data and the results. In Szabo et  al. [25] and Lucht et  al. [13] 
segmentation results are not evaluated quantitatively, instead the results are presented by the type 
of the lesion.

Cui et al. [7] employed a marker-controlled watershed transform to semi-automatically 
segment  the lesions. In semi-automatic methods, in order to correctly segment the lesion and make 
it fast, it  helps to first localize the lesion on the MRI image and select  it  with a rectangle. This can 
be either preferable in some cases resulting in a faster segmentation method but on the other hand 
this is not a segmentation method which is reproducible and robust at the same time.

Fuzzy c-means (FCM)

From the selection of key references, segmentation methods that are based on FCM are the 
most widely used approaches for breast lesion segmentation. FCM is used in several fields and in 
medical image segmentation. It is used for different  purposes e.g. initial segmentation in Shi et al. 
[16]. In this study the initial segmentation, which is done by FCM clustering, is refined by level 
sets. 

In Pang et  al. [20], the FCM is also used to get an initial segmentation to use it  to further refine 
it by applying the gradient vector flow (GVF) snake model. Also working with “internal” and 
“external” forces, the method performed such that  the correlation increased in comparison with the 
radiologist manual segmentation without a significant  difference at  averages. This shows that by 
incorporating another method in combination with FCM improves segmentation results. Even so, 
the implementation of FCM in this report only uses the intensity information of the pixels whereas 
pharmacokinetic information, as done in Shi et  al. [16], can be added as information and might 
improve it even further.

Kennan et  al. [15] introduces a new objective function that replaces Euclidean distance 
measures for constructing an objective function. However, no evaluation metrics are used to 
present  comparison results with the former algorithm. The modified algorithm is tested on a 
synthetic image generated by random data and on a real-life data of a breast MRI image, but it is 
not reported if the algorithm is tested on more real-life data.

In Chen et  al. [14] they also used the FCM for the segmentation of breast lesions and 
compared it  with a previous developed volume-growing (VG) method by Gilhuijs et  al. [26]. The 
performance index that is used to come to this conclusion is based on the overlap measure (the 
intersection of C and R over the union of C and R) given by
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where C is the set  of voxels returned from the computerized segmentation and R is the set  of 
voxels in the radiologist’s segmentation. A predetermined threshold is used to find out  if the lesion 
is segmented correctly compared with the radiologist’s segmentation. As can be seen in figure 2 
this threshold is 0.4 and the number of correctly segmented lesion is based on this threshold. The 
study does not report why they have chosen 0.4 as the threshold and looking at  the performance 
graph a different threshold can be chosen to get a higher number of correctly segmented lesions.

outline”) in the evaluation of the computerized segmenta-
tion method. Manual segmentation was performed slice
by slice in the subtracted images (postcontrast image !
precontrast image); the enhanced tumor area in each slice
that intersected the lesion was outlined. All subtraction
images were used for this purpose, and the radiologist
also used the original (nonsubtracted) MR images as addi-
tional information. For each delineated lesion, we deter-
mined tumor volume by voxel counting.

We also defined an overlap measure as a performance
index to quantify agreement between the computerized
segmentation and radiologist delineation. For a given le-
sion, denote C as the set of voxels returned from the
computerized segmentation and R as the set of voxels in
the radiologist’s segmentation. The overlap measure, O, is
defined as the intersection of C and R over the union of C
and R, ie,

O !
C ! R

C " R
(5)

The value of O is bounded between zero (no overlap)
and one (exact overlap). Taking the radiologists’ delinea-
tion as “truth,” a lesion is considered to be correctly seg-
mented by the computer when the overlap O between the
computerized segmentation and the radiologist’s segmen-
tation is larger than a predetermined threshold called
overlap threshold.

RESULTS

Figure 7a shows a plot of the fraction of correctly seg-
mented lesions at various overlap threshold levels for
both the proposed FCM-based method and our previously
reported VG method (16). The proposed method outper-
formed the VG method, ie, more lesions are segmented
correctly by means of FCM than by means of VG at vari-
ous overlap threshold levels. In particular, 97% of lesions
are segmented correctly by means of the proposed FCM-
based method at the overlap threshold of 0.4, whereas
84% of lesions are segmented correctly by means of the
VG method. Figure 7b shows a plot of the fraction of
correct segmentation versus overlap threshold separately
for benign and malignant lesions. At the overlap threshold
of 0.4, by means of the proposed FCM-based method,
98.7% of malignant lesions and 93.2% of benign lesions
are segmented correctly, whereas 93.5% of malignant le-

sions and 70.5% of benign lesions are segmented cor-
rectly by using the VG method.

Table 1 summarizes the statistical comparison of the
two methods, FCM and VG, by using the overlap mea-
sure and lesion volume. For the 121 mass lesions in our
database, FCM yielded an average overlap value of 0.64
with an SD of 0.12, whereas the VG method yielded an
average overlap value of 0.59 with an SD of 0.20. The
two sets of overlap values of the 121 mass lesions were
compared by using paired t-test, and the improvement in
overlap values with the proposed method was found to be
statistically significant (P " .002).

Figure 7. Performance of the proposed FCM-based lesion seg-
mentation algorithm and the previously developed VG algorithm
on a clinical database of 121 mass lesions. (a) Evaluated on the
entire database and (b) on malignant and benign lesions, respec-
tively.
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Figure 2. Performance of the proposed FCM-based 
lesion segmentation algorithm and VG algorithm on a clinical database of 121 mass lesions.

Geodesic active contour

In Shannon C et  al. [22] lesions are segmented based on a geodesic active contour, the 
Magnetostatic Active Contour (MAC) model. From each of the 41 breast lesions the radiologist 
selected a lesion slice and analyses where done for that slice only. Although the study segments 
and detects lesions, the focus of the study was more to be able to distinguish between triple 
negative breast  cancers from other types. Based on the example given of a segmentation the MAC 
segmentation corresponds well with the manual segmentation, but  the evaluation given in this 
study is not comprehensive enough [Table 2], in my view, to give a critical opinion about the 
segmentation method used and it’s results.

outline”) in the evaluation of the computerized segmenta-
tion method. Manual segmentation was performed slice
by slice in the subtracted images (postcontrast image !
precontrast image); the enhanced tumor area in each slice
that intersected the lesion was outlined. All subtraction
images were used for this purpose, and the radiologist
also used the original (nonsubtracted) MR images as addi-
tional information. For each delineated lesion, we deter-
mined tumor volume by voxel counting.

We also defined an overlap measure as a performance
index to quantify agreement between the computerized
segmentation and radiologist delineation. For a given le-
sion, denote C as the set of voxels returned from the
computerized segmentation and R as the set of voxels in
the radiologist’s segmentation. The overlap measure, O, is
defined as the intersection of C and R over the union of C
and R, ie,

O !
C ! R

C " R
(5)

The value of O is bounded between zero (no overlap)
and one (exact overlap). Taking the radiologists’ delinea-
tion as “truth,” a lesion is considered to be correctly seg-
mented by the computer when the overlap O between the
computerized segmentation and the radiologist’s segmen-
tation is larger than a predetermined threshold called
overlap threshold.

RESULTS

Figure 7a shows a plot of the fraction of correctly seg-
mented lesions at various overlap threshold levels for
both the proposed FCM-based method and our previously
reported VG method (16). The proposed method outper-
formed the VG method, ie, more lesions are segmented
correctly by means of FCM than by means of VG at vari-
ous overlap threshold levels. In particular, 97% of lesions
are segmented correctly by means of the proposed FCM-
based method at the overlap threshold of 0.4, whereas
84% of lesions are segmented correctly by means of the
VG method. Figure 7b shows a plot of the fraction of
correct segmentation versus overlap threshold separately
for benign and malignant lesions. At the overlap threshold
of 0.4, by means of the proposed FCM-based method,
98.7% of malignant lesions and 93.2% of benign lesions
are segmented correctly, whereas 93.5% of malignant le-

sions and 70.5% of benign lesions are segmented cor-
rectly by using the VG method.

Table 1 summarizes the statistical comparison of the
two methods, FCM and VG, by using the overlap mea-
sure and lesion volume. For the 121 mass lesions in our
database, FCM yielded an average overlap value of 0.64
with an SD of 0.12, whereas the VG method yielded an
average overlap value of 0.59 with an SD of 0.20. The
two sets of overlap values of the 121 mass lesions were
compared by using paired t-test, and the improvement in
overlap values with the proposed method was found to be
statistically significant (P " .002).

Figure 7. Performance of the proposed FCM-based lesion seg-
mentation algorithm and the previously developed VG algorithm
on a clinical database of 121 mass lesions. (a) Evaluated on the
entire database and (b) on malignant and benign lesions, respec-
tively.
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     Table 2. Evaluation of Automated vs. Manual Segmentation. 
     HD-Hausdorff distance (voxels), MAD-Mean Absolute Distance (voxels), 
     Sens-Sensitivity, Spec-Specificity

Neural networks

What  is striking are the number of patient  data that is used to test  and evaluate the artificial 
neural networks. In Lucht  et al. [13] and Szabó et al. [25] only 15 and 10 patient data are used, 
respectively. This is not a representative number of patient data to test  a neural network. Neural 
networks need large sample data in order to get  satisfactory approximation, theoretically [27]. And 
also the risk of over fitting is present [28].

In Zheng et al. [29] a comparison of the boundary distances is done between the computer-
expert segmentation and the rough-expert segmentation where the mean and standard deviation are 
4.10-5.62 pixels and 7.67-8.24 pixels respectively. This comparison eventually will give a better 
score because the segmentation compared with is rough only and therefore a refinement  will be 
better logically [Figure 3]. For the evaluation of the performance of the segmentation algorithm 
only a ROC curve is given. For a better understanding of the performance of the developed graph 
cut based segmentation, more evaluation methods should have been used and presented.

Figure 3. Rough manual segmentations by a manual rater, corresponding 
refined results, and manual segmentations by an expert

Woods et al.[30] presents a method to distinguish between nonmalignant  and malignant tissues 
with the use of four-dimensional (4D) co-occurrence-based texture analysis. The report does not 
present  a concrete method to segment the lesions automatically, but  instead two radiologists 
manually segment the lesions. These manual segmentation were used in a model-free neural 
network-based classification system that  assigned each voxel a “nonmalignant” or “malignant” 
label. Based on these labels a segmentation could also be done.

The segmentation method in Schlossbauer et al.[31] was done automatically by marking pixels 
for segmentation if the initial signal increase was at  least 50%. Next the lesion in question was 
extracted with a region growing algorithm, where a voxel within each lesion is selected by only 1 

(a) (b) (c) (d)

Fig. 1. Segmentation of a fibroadenoma: (a) orginal image; (b) binarized scene showing lesion segmentation obtained via EM; (c) MAC
segmentation driven by EM scene (breast boundary in red and lesion in green); and (d) corresponding manual segmentation of the lesion.

factor. Gabor gradient features were calculated at 13 scales (z ∈
{− π

16 ,− π

8
√

2
, . . . , π

16}), 8 orientations (θ ∈ {0, π
8 , . . . , 7π

8 }), and 3
window sizes (s ∈ {3, 5, 8}).

3.2.2. Statistical Features

Four first order statistical features (mean, median, standard devia-
tion, and range) for 3 different window sizes were calculated for the
gray values of pixels within the sliding window neighborhood Ns,
s ∈ {3, 5, 8}.

To calculate the second order statistical (Haralick) feature scenes
[12], we compute a G × G co-occurrence matrix Od,c,s associ-
ated with Ns(ci), where G is the maximum grayscale intensity in
C. The value at any location [g1, g2] in Od,c,s, where g1, g2 ∈
{1, 2, . . . , G}, represents the frequency with which two distinct vox-
els ci, cj ∈ Ns(c) where i, j ∈ {1, 2, . . . , |C|} with associated im-
age intensities f(ci) = g1, f(cj) = g2 are separated by distance
d. A total of 13 Haralick features including contrast energy, contrast
inverse moment, contrast average, contrast variance, contast entropy,
intensity average, intensity variance, intensity entropy, entropy, en-
ergy, correlation, and 2 information measures were extracted at ev-
ery voxel c ∈ C, based on Od,c,s, for s ∈ {3, 5, 7}, d = 1 and
G ∈ {64, 128, 256}.

3.3. Kinetic Textural Features

Kinetic texture-based (Gabor, first order statistical, and second order
statistical) features are computed at each time point for each voxel
in the lesion. Each textural feature’s mean value, ρu, is plotted over
time such that a kinetic texture curve is created, which is analogous
to the one created for signal intensity. A third order polynomial, cho-
sen empirically to find the best fit to the texture curves, is fitted to this
curve to characterize its shape, defining four associated coefficients.
The equation in this case is:

ρu(t) = ru,3t
3 + ru,2t

2 + ru,1t + ru,0, (5)

where u∈ {1, . . . , Uktext} and Uktext is the number of kinetic tex-
tural attributes, and [ru,3, ru,2, ru,1, ru,0] is the feature vector, de-
scribing the kinetic texture feature for each texture feature as a func-
tion of time.

3.4. Classification of Breast Lesions

A Support Vector Machine (SVM) classifier was applied to evaluate
the ability of each feature class (morphology, texture, kinetic texture
and kinetic signal intensity) to classify each lesion as benign or ma-
lignant. The SVM was also used to classify the malignant lesions

as being TN or non-TN. The features corresponding to each of the
feature classes were used as inputs to the classifier individually and
in combination. Classifier evaluation was done via a leave-one-out
validation scheme [9].

4. RESULTS AND DISCUSSION

4.1. Evaluation of Automated Lesion Segmentation

Our automated lesion segmentation scheme was compared against
the expert segmentation via various quantitative performance mea-
sures (Table 1: HD-Hausdorff distance (voxels), MAD-Mean Abso-
lute Distance (voxels), FAs-fibroadenomas, Sens.-sensitivity, Spec.-
specificity). Figure 1 shows a qualitative comparison of our segmen-
tation scheme against that of an expert.

Table 1: Evaluation of Automated vs. Manual Segmentation
Lesion Type HD MAD Sens.(%) Spec.(%)
Benign, FAs 11.23 8.85 73 99
Malignant, non-TN 9.01 4.41 82 99
Malignant, TN 14.49 7.65 47 99

4.2. Discriminating Benign from Malignant Lesions

Graph embedding (GE) is a nonlinear dimensionality reduction
scheme that we apply to the feature vectors associated with each of
the lesions and that allows us to visualize biomedical data on a 3-
dimensional manifold. We use it here to visualize class separability.
The 3 dominant embedding vectors obtained from first order kinetic
texture features were able to separate the data into benign and ma-
lignant lesion classes via GE (see Figure 2(a)). Note that a linear
dimensionality reduction scheme (PCA) was unable to separate the
2 classes as seen in Figure 2(b).

Results in Table 2 show that kinetic texture features outperform
morphology, precontrast texture, and kinetic signal intensity features
in distinguishing benign from malignant lesions.

Table 2: SVM Evaluation for Benign vs. Malignant Case
Feature Set Acc.(%) Sens.(%) Spec.(%)
Morphological 73 88 53
Pre-contrast Texture 63 90 25
Kinetic Signal Intensity 63 67 59
Kinetic 1st Order Textural 83 79 88
Kinetic 2nd Order Statistical 73 88 53

����
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Fig. 1.
Rough manual segmentations by a manual rater, corresponding refined results, and manual
segmentations by an expert
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observer by a mouse-click. Because of the risk that the lesion segmentation will suffer from 
interobserver-variability, a analyses was done in a sample of 20 lesions. Although a high 
correlation was found (R2 = 0.98), the number of samples is too low compared with the 85 focal 
lesions that were analyzed.

Table 3. Robustness of the ROI selection

Connected Component

Notable was the fact  that the datasets used in this study were acquired from different  imaging 
protocols and at  different  institutions. Consequently, this shows how robust  the developed 
algorithm is and may help to improve it in future research.

In order to work with the differences in the data, some preprocessing steps are required. Rather 
than working on the data that  takes the entire time-intensity curve into account, the algorithm 
works on a subtraction image that  is used by the radiologist to visually assess the lesion 
morphology. The reason behind this choice is that  the time-intensity curve would make the 
algorithm more prone to errors resulting from motion artifacts. But these motion artifacts could be 
corrected by registration methods.

Although the study showed that the ROI selection using the seed-point selection is more 
robust than the manual method [Table 3], it  was only tested on breast  lesions that were mass-like. 
In order for the algorithm to work on non-mass-like lesions as well, a modification of the 
algorithm is required.

Segmentation methods that  make use of user interaction are called semi-automatic methods. In 
semi-automatic methods, a user helps in finding the location of the tumor in the breast  and defines 
a region of interest  or places a seed point. Pang et  al. [9] employed a semi-automatic method in 
which a rectangle ROI is defined. This way the search area of the method is restricted to the given 
localization making the segmentation accuracy higher. On the other hand, it  takes some time for 
the user to locate the tumor and define a ROI or placing a seed point. Furthermore, the localization 
done by the user can suffer from inter- and intraobserver variability i.e. the user can localize a 
bigger or smaller ROI or place the seed at  a different  location the next  time. Therefore, the initial 
result is sensitive to the selection of the ROI or the placement of a seed point  and may result in a 
less robust semi-automatic method. To prevent  this variability and obtaining a result faster, a fully 
automatic method can be used instead, but the accuracy would be lower compared to semi-
automatic methods.

In either way, regardless of the segmentation method, it  is very important to segment the 
whole lesion without missing any parts. Necrotic areas in the tumor can complicate this because 
the necrotic parts do not get  any contrast  agent  because of dead tissue concentration and therefore 

automatic threshold estimation, and postprocessing
by filling ‘‘partial holes’’ of the segmented lesions and
preventing leakage to blood vessels. It was shown that
the computerized segmentation results coincide well
with manual segmentation results with respect to the
lesion volume. Furthermore, the variability in
extracted lesion volumes was reduced by the auto-
matic segmentation, even when the user interaction
was limited to a single mouse-click into the mass-
lesion.

The computerized segmentation in the current
study was evaluated solely on breast lesions that were
mass-like. However, breast malignancies can have
other appearances on BMRI, such as architectural
distortion or nonmass-like enhancement in a segmen-
tal, regional, or diffuse pattern. Our algorithm would
require modification to segment these types of lesions.

In conclusion, we have developed a computerized
segmentation method for mass-like breast MRI lesion.
We have performed a thorough human reader experi-
ment and statistical analysis using 30 cases as a
sample sizes with 95% confidence intervals of a rela-
tive difference of 6% in length.

The observer study showed that the computerized
segmentation method using the robust seed-point
selection is more reproducible and reliable than the
manual method in terms of measuring the size and

shape of a lesion. The reproducibility and reliability of
BMRI segmentation algorithm is specifically important
when used as the first step of developing a BMRI
CADx system, because it affects the computation of
shape, texture, and kinetics features that are used to
classify breast lesions. In the future, this computer-
ized segmentation, if used in a CADx system, may
improve the specificity of BMRI and accelerate its
adoption in the clinical arena.

Figure 6. The agreement in lesion volume (in cubic mm) seg-
mented by two methods. Error bars show 95% confidence
intervals of geometric means. Diagonal line indicates perfect
agreement.

Figure 7. The outlier case for lesion 29 was excluded and the correlation coefficient increased to 0.97. a: The manual trac-
ing. b: The computerized segmentation.

Table 3
The reproducibility of the computerized segmentation using robust
ROI selection method in comparison of the manual method

N Precision error

Manual 30 4.89%
Robust Computer 30 0.89%

118 Meinel et al.
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they might have low contrast. Because of this low enhancement this part  could be partitioned as 
nonlesion and cause “holes” in the segmentation, e.g. in a FCM procedure. Meinel et al. [10] and 
Chen et al. [14]  dealt with this problem by applying a hole-filling operation in their post-
processing part of the segmentation process in order to include the necrotic area into the 
segmentation result.

But  even with no necrotic area present  in the tumor, incorrect  segmentation can occur due to 
low contrast  between tumour and surrounding tissue. It is difficult to correctly segment breast 
lesions in low contrast  images because the border is hardly visible. By administering a contrast 
agent, the contrast in the image is improved, making it  easier to distinguish the tumour from the 
surrounding tissue. Because in semi-automatic methods human interaction is involved, the user 
takes time to locate the tumour. Additionally, the user defines a region of interest  that  is given as 
input  to the method and therefore already delimiting the search area for borders of the lesion. 
However, in fully automatic methods no human interaction is involved making it difficult  for the 
method to produce a good segmentation in low contrast  images. Still, in order to get  good results 
some preprocessing needs to be done on the image. In the marker-controlled watershed method 
[30], smoothing is applied on the image to deal with low contrast images. But on the other hand, 
because it is dependent on a gradient image it may lead to oversegmentation.

The same is true with segmentation of lesions that  are irregular in shape. There will be 
oversegmentation with methods that are based on intensity values e.g. FCM and region growing. 
But  since these methods don’t  care about shapes but  only on pixel intensities they are, 
nevertheless, able to segment a lesion that  is irregular in shape. Other methods e.g. geodesic active 
contour will perform better than FCM and region growing because curvature information is 
included in the formula. However, in the case of a lesion with spikes (very high curvature), the 
active contour algorithms may have problems in getting enough force to drive the contour toward 
the boundary [35]. Table 4 shows the ability of each method dealing with specific problems. These 
specific problems are related to either the state of the whole image or the lesion itself that has to be 
segmented. But  structures that  somewhat resemble lesions are also a problem that  can easily occur 
in fully automatic methods since no user interaction is involved. Blood vessels also have high 
intensities on contrast-enhanced MR images and can therefore falsely be recognized by the method 
as a lesion. Patient motion, especially around the edge of the breast, can also include that area in 
the segmentation process. Chen et al. [34] performs a 3D connected-component labeling operation 
on the binary ROI to reduce confusing structures. There is no further information on how the other 
fully automatic methods would deal with confusing structures. What  may be possible is to apply 
some post-processing to remove confusing structures based on texture or, in most cases of 
malignant lesions, on border attributes i.e. if the border has the attributes of a spiculated contour or 
irregular shape.

The articles use different datasets for testing what  makes it  difficult to compare the results of 
the different methods and not all articles report  a sensitivity and specificity. The articles that do 
report these evaluation criteria, all report  high specificity. Specificity is defined as the ability to 
identify negative results written as:
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The specificity are all high mostly because the area covered by the tumour in the region of 
interest is relatively small compared to the background making the number of true negatives big, 
resulting in a high specificity. As for the low sensitivity of lesion type malignant  triple negative in 
Shannon et al. [24], it  may have to do with the specific attributes of a triple negative lesion that  are 
not included yet in the segmentation method since the non triple negative lesion has a more 
plausible sensitivity. In clinical practice, the high specificity reported in the articles may be to 
optimistic. The low sensitivity of triple negative lesions on the other hand may a problem since it 
will not be usable in clinical practice before improving the sensitivity.

More challenges and bottlenecks exist before we are able to use fully automatic segmentation 
of breast  lesions in DCE-MRI in clinical practice. Further research has to be done in order to 
tackle challenges such as the difficulty of segmentation in low contrast images. Improving this 
area may lead to a smaller dose of contrast agent. Other challenges are to avoid structures that 
somewhat  resemble lesions, producing good results in images with intensity inhomogeneity and 
noise. Finally, a bottleneck may be the missing of a central dataset that  can be used to evaluate the 
methods with. This way, the different methods can easily be compared. 

Segmentation method Low contrast? Irregularly shaped lesion?

Cui et al.[30] Marker-controlled watershed Yes No

Shannon et al.[24] Geodesic Active Contour No Yes

Woods et al.[28] Neural Network Yes No

Schlossbauer et al.[29] Region growing Yes Yes

Zheng et al.[27] Graph-Cut No No

Chen et al.[34] FCM No Yes

Szabó et al.[21] Neural Network Yes No

Lucht et al.[14] Neural Network Yes No

Kannan et al.[15] FCM No Yes

Azmi et al.[22] New MRF No Yes

Pang et al.[9] FCM+Snake Algorithm No Yes

Shi et al.[16] FCM+Level Set Yes Yes

Meinel et al.[31] Connected Component No Yes

Table 4. Ability of methods to deal with specific problems
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IV. Conclusion

The purpose of this review was to give an overview of the different  methods that exist for 
breast lesion segmentation in DCE-MRI. In this collection of methods, semi-automatic and full-
automatic methods were discussed. Every method that is presented in this review is able to 
segment breast lesions in DCE-MRI images.

Segmentation in DCE-MRI images has substantial diagnostic power, such that it  has potential 
to assist  physicians in the assessment  of volume changes. The enhancement  of the lesions on the 
images make DCE-MRI a valuable technique for better segmentation of breast lesions.

The lack of large datasets in most  studies, makes it  necessary that  research groups  need closer 
cooperation. This allows for a larger study population, which can provide more valuable research 
results. Combining more than one method would increase the performance of segmentation as in 
Pang et al. [20] where the initial segmentation is done with FCM and refined with a level set. 
Based on the results in each article, the algorithm in Pang et al. [20] shows good results. This way 
of segmenting breast  lesions in DCE-MRI images may not be fast, but good and robust results may 
be achieved. In that sense, further studies could be to combine different  methods to achieve fast 
results as well.
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