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Abstract. A novel Watershed segmentation approach is proposed in this paper.
Firstly a review of medical image segmentation was presented where the advantages
and drawbacks of the traditional watershed method are discussed. To resolve the ex-
isting problem, the proposed algorithm employs a threshold operation according to
the range determined by the region of interest (ROI) and the modality of the medical
image. And a “reslice” operation was employed to shrink the intensity of the image
into a smaller range. Finally a resample operation is introduced to reduce the resolu-
tion of the image and this make watershed transform run in shorter time and less
memory. The results indicated that the proposed method is efficient in solving the
over segmentation problem and faster than classic watershed.
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1 Introduction

Image segmentation is one of the most critical tasks in automatic image
analysis. For example, segmentation is a prerequisite for quantification of
morphological disease manifestations and for radiation treatment planning,
for construction of anatomical models, for definitions of flight paths in vir-
tual endoscope, for content-based retrieval by structure, and for volume
visualization of individual objects. The application that provided the incen-
tive for our work was manifestations of disease from CT/MRI data.

Many different algorithms have been proposed to address the segmen-
tation, which may fall to two major streams: model based and region-based
methods. The model based method such as Snake or Level set is relatively
faster but sometimes can’t achieve satisfactory accuracy, especially at the
narrow sharp boundary area. The region based method like Watershed
[1],[2] or Morphological operations may get more accurate results but
more costly. However, Watershed can be parallelized easily to improve its
performance, and has been widely used in medical image segmentation.
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Since S. Beucher and F.Mever firstly proposed Watershed algorithm [6],
many scientists have addressed their efforts to improve it [3]. Some re-
searchers employed diffusion algorithms before running the watershed
transform because watershed is very sensitive to noises [8]. Some re-
searchers use probability theory to compute the landscape of the image or
use different strategy to compute the saliency of merge to merge the water-
shed images [7]. But the over-segmentation problem has still not been ef-
fectively resolved.

In this paper the traditional watershed was introduced (see Section
2.1) at first. Then it discusses an improved watershed method using reslice
image to resist over-segmentation problem and resample image to lower
the cost from traditional watershed algorithm (see Section 2.2). The
method is especially designed for medical image analysis by using the pre-
knowledge of medical imaging phenomenon. For the sake of clarity, a
comparison between classical watershed and our method is also presented
(See Section 3). A conclusion about our method was drawn at the end of
this paper (See Section 4).

2 Methods

2.1 Traditional Watershed

A widely used implementation of traditional watershed is a method by
simulating immersion [4] where an image is regarded as a (topographic)
surface. Suppose this surface was immersed into a lake, the water will pro-
gressively fill up the different catchment basins of the image. Then, at each
pixel where the water coming from two different minima would merge, we
build a “dam”. At the end of this immersion procedure, each minimum is
completely surrounded by dams, which delimit its associated catchment
basin. The whole set of dams which has been built thus provides a tessella-
tion of the image in its different catchment basins and these dams corre-
spond to the watersheds of our image. (See Fig. 1).

This method was quite efficient but without thinking about the over-
segmentation problem. Over-segmentation is a quite common problem as
watershed is very sensitive to noise and gives segmentation even to low
contrast region, which may belong to the same object. We will employ tra-
ditional watershed as a base of the proposed method.
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Fig. 1. Minima, catchment basins and watersheds.

2.2 Watershed Using Reslice and Resample Image

There are three preprocessing steps in our method. Firstly the threshold op-
eration is applied according to the range determined by the region of interest
(ROI) and the modality of the medical image. As we know, different organs
are presented in different intensity ranges in a medical image because of
their different physical features (Fig. 2). After the modality of the input
medical image data was defined, the intensity range of a specified organ can
also be roughly determined. Based on this pre-knowledge, the regions with
the intensity out of this range can be ignored. The processing makes the im-
age simpler and reduces the complexity of the whole procedure.

Secondly we make a reslice of the image. Here reslice means present-
ing the image with a smaller intensity range. For example, if we use one
byte to present one pixel, as one byte consists of 8 bits, each pixel has one
of the 2°=256 grey levels. Usually a medical image uses four bytes for
every pixel, but after the first step of our method, only the tissue with the
intensity in a specified range was left, so it is possible to present the image
with shorter bytes. And more importantly, this operation merges the pixels
with small differences together, and the over segmentation problem can be
resisted. The original image and the resliced image are shown in Fig. 3. It
must be emphasized that we can only reduce the grey levels to a proper
number; otherwise the detail of the image may be lost.
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Fig. 2. Different organs are presented in different intensity ranges in a CT image.

Finally, the preprocessed image is sent to a resample procedure. The
resample produces an output with different spacing (and extent) than the
input. Linear interpolation can be used to resample the data. Here the re-
sample is used to reduce the resolution of the image, so that the watershed
transform requires less memory and run faster. Furthermore, the resample
operation helps to resist the over segmentation problem because the small
regions are ignored and reduced during this operation. A comparison of a
brain image and its resample image (In every dimension the resample rate
is 0.8) are shown in Fig. 4.

3 Results and Discussions

We implemented our experiment in a normal PC with Pentium 2.4G CPU
and 1G DDR RAM, where the program was written in Python + VTK en-
vironment and run on a Windows platform. Two datasets were used in this
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experiment: One is a brain MRI data [5] downloaded from BrainWeb' . It
is a 181*217*181 voxel volume, with isotropic 1 mm3 voxels. Another
one is a real clinical canine cardiac CT data, which is a 512*512*86 voxel
volume with isotropic 0.35%0.35*1.25 mm3 voxels.

Fig. 4. (Left) A brain image. (Right) The resample image (with resample
sample rate 0.8 in every dimension)-

Three comparisons to demonstrate the effect of every step of our
method was conducted. Fig. 5 indicates that when the threshold operation is

! http://www.bic.mni.mcgill.ca/brainweb/
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applied (Fig. 5(b)) at first, the regions out of the brain are resolved into
background. Fig.6 shows the results of the watershed transform applied to
original image (a), reslice (b) and resample (c) images, respectively. The
amount of the watershed regions is decreased apparently. From Fig. 5, we
also found that some part of the ROI is merged to background unexpect-
edly. This is often caused by connections between the ROI and the sur-
rounding structures. For better results, the morphological opening opera-
tion was employed to deal with this problem by breaking the connections.

Fig. 5. Comparison between the normal Watershed and the Watershed on the
threshold image (a) Normal Watershed (b) Watershed with threshold operation.

Fig. 6. The results of the watershed transform applied to original image (a), reslice
(b) and resample (c) images, respectively.
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The comparison reveals that proposed approach can significantly re-
sist the over-segmentation problem. The average amount of watershed
regions in ROI is described as Table 1:

e C(lassical watershed generated 244 regions (Fig. 6(a)) of ROI;
e Watershed using reslice image generated 84 regions (Fig. 6(b)) of

ROI;

e Watershed using reslice and resample image generated 32 regions

(Fig. 6(c)) of ROL.

The efficiency of the proposed method has also been evaluated with
the classical one. The proposed watershed cost 95s to process the brain
data, when the classical Watershed required 90s.

Table 1. Comparison between the traditional watershed and our method in
generated areas and time consuming.

Generated Time consuming
regions of ROI

Traditional Watershed 244 90s

(Fig. 6(a))

Watershed using reslice image 84 95s

(Fig. 6(b))

Watershed using reslice and 32 95s

resample image (Fig. 6(c))

4 Conclusion

In this paper, an improved watershed method using reslice and resample
image was proposed. The reslice operation significantly decreased the
amount of the watershed regions in ROI to 34%. And resample operation
can further decrease this amount to 38%. It means that the over-
segmentation problem was resisted efficiently. But the computing cost has
not been improved. To save the cost, it is recommended to implement the
method with parallel strategy in the future.
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