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Abstract

Magnetic resonance imaging (MRI) is an effective imaging modality for identifying and localizing breast lesions in women.
Accurate and precise lesion segmentation using a computer-aided-diagnosis (CAD) system, is a crucial step in evaluating
tumor volume and in the quantification of tumor characteristics. However, this is a challenging task, since breast lesions have
sophisticated shape, topological structure, and high variance in their intensity distribution across patients. In this paper, we
propose a novel marker-controlled watershed transformation-based approach, which uses the brightest pixels in a region of
interest (determined by experts) as markers to overcome this challenge, and accurately segment lesions in breast MRI. The
proposed approach was evaluated on 106 lesions, which includes 64 malignant and 42 benign cases. Segmentation results were
quantified by comparison with ground truth labels, using the Dice similarity coefficient (DSC) and Jaccard index (JI) metrics.
The proposed method achieved an average dice coefficient of 0.7808 ± 0.1729 and Jaccard index of 0.6704 ± 0.2167. These
results illustrate that the proposed method shows promise for future work related to the segmentation and classification of benign
and malignant breast lesions.

I. INTRODUCTION

In recent years, breast cancer has been one of the major
causes of death in women [1][2]. Clinical evidence indicates
that early detection and treatment can significantly reduce the
mortality of breast cancer. Various medical imaging modalities
play a crucial role in detection, diagnosis and treatment
planning of breast cancer. Among these modalities, magnetic
resonance imaging (MRI) is used primarily for women at
high risk of developing cancer, to identify lesions missed
in the mammogram, and typically require accurate lesion
segmentation as an initial step in breast MRI-based CAD
systems [3][4]. However, accurate segmentation of lesions is
a challenging problem for many reasons such as, lesions have
considerable variation in terms of shape, having an overlapping
area with normal tissues which is difficult to differentiate and
distribution of intensities in the lesions are very high, etc.

However, many researchers have explored various semi-
automated and automated approaches to address these
challenges. Normally, breast tumor segmentation methods fall
into main three categories which are model-based, threshold-
based and region growing based methods. Chen et al. [5]
proposed a fuzzy c-means (FCM) based method. Szab et al.
[6] performed a pixel-by-pixel lesion segmentation through
an artificial neural network based on the time intensity
curve. Shanon et al. [7] proposed spectral embedding
based active contour to improve image representation for
both boundary and region-based segmentation. However,
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most of these methods require post-processing through
morphological operations such as dilation and erosion, to
obtain a smooth and continuous lesion boundary. Xu et al. [8]
proposed a watershed transformation method for mammogram
mass segmentation using markers. Their method involved
identifying the rough region of the lesion by a combined
template matching and thresholding approach as an initial
step, followed by identifying internal markers by computing
the distance transform from the rough segmentation, and
external markers through morphological dilation.

In this paper, we propose a novel marker-controlled water-
shed transformation (MCWT) for the task of 2D breast lesion
segmentation in MRI slices. This technique is more robust
and simpler in marker selection process, in comparison to
conventional methods which used complex features such as
template matching and Gaussian mixture model [8][9]. Section
II describes the data acquisition, the proposed method and
evaluation results and our work will be concluded in Section
III.

II. METHODS

A. Data Acquisition

MR images for this study were acquired on 1.5 T scan-
ners Magnetom Avanto and 3.0 T Magnetom Verio, Siemens
Healthineers, Erlangen, Germany, with dedicated breast array
coils and the patient in a prone position. The contrast media
was applied into the cubital vein after the first of six dynamic
acquisitions with a flow of 1.0 mL/sec chased by a 20 mL
saline flush. One hundred and six lesions were identified
from a representative set of DCE-MRI exams from 80 female
patients by two expert radiologists who have 7 years of
experience in evaluation of clinical findings. The mean patient
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age was 50 ± 13 and based on histopathologically 42 of the
lesions were diagnosed as benign and the remaining 64 as
malignant.

B. Watershed Transformation

The watershed transformation is a widely used method for
image segmentation based on mathematical morphology [10].
In this method, the image is considered as a topographic relief
or landscape where the gray level of each pixel corresponds
to a physical elevation. The landscape is immersed in a
lake, with holes pierced in local minima, and the catchment
areas/basins are filled up with water/labels starting at these
local minima. The points where water floods from different
basins, a dam/border is built. The process terminates when the
water level reaches a maximum. Consequently, the landscape
is divided into several regions separated by dams which are
called watershed lines or basically watersheds [11].

The main drawback of the conventional watershed trans-
formation is over-segmentation which is caused due to the
presence of many local minima in the gradient image. To
decrease the effect of severe over-segmentation, we determine
internal and external markers to guide the watershed algorithm.
Each marker is considered to be part of a specific watershed
region and after segmentation, the boundaries of the regions
are arranged to separate each object of interest from the
background.

The proposed method starts with selecting a particular slice
of breast MRI volume, performed by an expert radiologist,
such that it contains at least one lesion. The slice image
is normally the subtraction of pre-contrast and post-contrast
images. The ground truth segmentation provided by expert
radiologists and ROI is drawn around the lesion manually. As
a pre-processing step, We applied contrast limited adaptive
histogram equalization (CLAHE) [12] on that particular slice
globally to improve lesion contrast. Then we computed the
morphological gradient of the image, which is the point-wise
difference between a unitary dilation and erosion.

In MR images, tumor regions are normally brighter and have
more uniform intensity than the neighbouring healthy tissue.
Based on this fact, we determined the internal and external
markers by sorting out the pixel values in ROIs in descending
order and chose n pixels with maximum intensity values as
markers. After selecting the markers the normal watershed
transformation is applied on the ROIs image which is shown in
Fig 1 Finally, a binary mask is generated based on watershed
output regions. However, we identified the optimal number of
markers based on segmentation accuracy evaluated using Dice
and Jaccard.

C. Evaluation and Results

We tested the algorithm by varying the number of markers
between 1 and 150. Fig 2 describes the segmentation results
obtained using different numbers of markers. This plot indi-
cates that 45 markers were found to be optimal using this
segmentation approach, yielding satisfactory results.

To evaluate the performance of the proposed method and
compare the segmentation results with their corresponding

(a) (b) (c)

(d) (e) (f)

Fig. 1: The segmentation pipeline. (a) Subtraction slice with
a benign lesion. (b) Contrast enhancement using CLAHE and
ROI is drawn. (c) Image gradient. (d) The highest pixel in-
tensities are selected as markers. (e) Watershed transformation
applied. (f) Segmentation mask generated based on watershed.

Fig. 2: The mean of total lesions for Jaccard and Dice
coefficients with different number of markers.

ground truth labels, two well-known similarity metrics are
used: (1) the Dice similarity coefficient (DSC), which mea-
sures the overlap between two segmentation masks and is
sensitive to the lesion size, (2) the Jaccard index (JI), which
denotes the average distance between two segmentations [4].
The metrics are defined as:

DSC(A,B) =
2|A ∩B|
|A|+ |B|

(1)

JI(A,B) =
|A ∪B|
|A ∩B|

(2)

where A refers to the ROIs segmented by our algorithm
and B is tumor area as determined by manual segmentation.
Table 1 summarizes the segmentation accuracy achieved using
the proposed method for all 106 cases. The average dice
coefficient was found to be 0.78±0.17 and average Jaccard
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Fig. 3: Segmentation results on 4 breast lesion cases. The
top two images show malignant lesions and the two down
show benign lesions. The yellow rectangle represents the ROIs,
ground truth segmentation represented in green line and the
result of proposed method shown in the red line.

index was 0.67±0.21. Fig 3 demonstrate four sample segmen-
tation outputs which are overlaid on manual segmentations
provided by two radiologists. It can be seen, that the pro-
posed method could accurately segment the lesions with some
marginal errors for medium to large tumors. However, for
cases comprising disjoint lesions, the method failed to segment
all small lesions and in some cases incorrectly labeled healthy
tissue as lesions. This is because in some cases there is a
high degree of overlap in the intensity distributions of healthy
breast tissue and lesions, and the ROI drawn by the radiologist
is very large in the case of disjoint lesions, in order to cover
the entire area over which multiple lesions are distributed.

TABLE I: DSC and JI results (mean± Std) for 106 lesions.

Method DSC JI

MCWT 0.7808±0.1729 0.6704±0.2167

III. DISCUSSION AND CONCLUSION

Segmentation of breast lesions in MR images has been
tackled previously in various studies, however, very few have
employed the marker-controlled watershed transformation ap-
proach for this purpose. In this paper, we proposed a novel
marker-controlled watershed transformation approach by se-
lecting the brightest pixels as markers in the ROIs. In terms
of complexity, this method is simpler and robust in comparison
to conventional marker-based watershed methods which used
complex features to determine external and internal markers.
However, the diversity of lesion shapes and the presence of
multiple disjoint lesions distributed across the breast proved

challenging, resulting in low DSC and JI scores in some
cases. These preliminary results are encouraging for the ap-
plication of the proposed approach, as a preprocessing step
for subsequent classification of MRI lesions. Manually-created
ground truth images are intrinsically subjective and creating
such reference images for large data sets is a time-consuming
process. In subsequent studies, we will look to extend our
proposed 2D watershed algorithm to 3D and combine it with
a lesion detection and classification technique, to establish
a complete computer-aided-diagnosis system, with minimum
manual intervention.
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