
 

 

 

 

Abstract—This paper deals with a novel semi-automatic 
segmentation method giving realistic results on head and 
neck tumors. To the classical “inside” and “outside”, we 
add a fuzzy area with a tumor probability between 0 and 1 
which represents the area where even specialists do not 
have an unique solution.   

We describe here the technique and its results, then we 
will discuss about the marker number diminution and 
future work.   
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I. INTRODUCTION 

Image segmentation plays a crucial role in medical 
imaging by facilitating the delineation of regions of 
interest. Our issue deals with head and neck 
radiotherapy, and more particularly with tumor and risk 
areas segmentation. 

There are numerous segmentation techniques in 
medical imaging depending on the region of interest. 

Thresholding is the most basic one : it is based on  
separating pixels in different classes depending on their 
gray level. In medical imaging, several variations of this 
approach incorporating local intensities [3] or 
connectivity [4] were proposed. In our case, the gray 
level between tumor and muscles is very close, so this 
technique is difficult to apply. 

Classifiers often use features in order to train for  
regions of interest recognition. But, in our case, the 
great variability in shape and gray level of tumors is 
very difficult to characterize.  

Clustering as K-means [5] or fuzzy c-means [6] are 
interesting methods classifying pixels in an extracted 
features space. Sensitive to noise, this method is not 
directly adapted to our noisy CT (Computed 
Tomography) or MR (Magnetic Resonance) images. But 

these could be interesting in PET (Positron Emission 
Tomography) images segmentation. 

A powerful idea consists in atlas-guided approaches 
[7]. An initial pre-segmented atlas or template is 
registered on the images to be segmented. We thus 
obtain an automatic segmentation. The problem of this 
method is that for head and neck area, we need non-rigid 
registration techniques which are very complex. 
Nevertheless this is a method which could be interesting 
in the future. 

Finally, there are region growing segmentation 
methods. These are based on an area extension from a 
seed pixel using certain properties or features. 
Deformable models are efficient but complex [8].  

The iterative watersheds belongs to this region 
growing class.  

In this paper we will first talk about some preliminary 
notions which will be used by the iterative watersheds 
approach. After explaining its principle, we will present 
some results and, finally, we will conclude and relate 
about future work.  

 

II. PRELIMINARY NOTIONS 

A. Watershed 

The principle of the watershed technique is to 
transform the gradient of a gray level image in a 
topographic surface.  Then, let us consider that all 
minima of the image become sources from which water 
floods and forms “catchment basins” immerging the 
surface. This algorithm stops when two catchment 
basins from two different sources meet. We then obtain 
a watershed which is the boundary between the two 
minima influence zone. For more details, refer to [2]. 
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The main problem of this initial method is that in real 
images which are often noisy, there are a lot of local  
minima. This leads to over-segmentation as we can see 
on Figure 1. Each minimum creates catchments basin 
represented with a different color. Watersheds can be 
seen as white lines. 

 

 

Figure 1 : Over-segmentation when using watershed 

 

B. Marker-based Watershed 
 

 

Figure 2 : Marker – based watershed principle 

In order to avoid the over-segmentation problem, a 
classical solution is to use markers inside and outside 
the tumor. Figure 2 shows the principle of marker – 
based watershed segmentation [2]: as for the initial 
watershed method, the image gradient is considered as a 
landscape with mountains where there is a high gradient 
and valleys where it is a low one. An immersion of this 
landscape with water flooding from two markers (A and 
B) stops when their influence zone meet: this is the 
watershed line (W) separating the two areas. The main 
difference is that the immersion of the gradient surface 
begins only from selected markers and not from all 
minima.  

 

 

Image 1 : Marker – based watershed principle 

As we can see in Image 1, there are two initial marker 
sets. The blue one labels the inside part of the tumor, the 
yellow one, the outside. If we use these markers as 
initial flooding source we obtain only two catchments 
basins so two areas delimited by the watershed 
represented by the red line. Here we can much better use 
this result to separate the tumor from the rest of the 
image than by using classical watersheds (Figure 1).  

 

C. Gradient Vector Flow (GVF) 
Watersheds are computed here using the gradient 

vector flow (GVF) instead of the classical gradient. The 
GVF [1] is a diffusion of the classical gradient which 
has here the interesting property to give more weight to 
the important edges, so results are less sensitive to noise 
as we can see in Figure 3.  

  

Figure 3 : Amplitude of gradient (left), GVF (right ) 

 

III. ITERATIVE WATERSHEDS  

A. Level 1 

The images we have are often noisy and real tumor 
boundaries are fuzzy. A segmentation result is even 
different from a specialist to another. The uncertainty is 
part of the segmentation, so, instead of trying to obtain 
 
 



 

 

 

an unlikely “perfect” segmentation, our method has a 
more realistic approach: we add a fuzzy area with a 
tumor probability between 0 and 1. In order to do this, 
we use iteratively the watershed technique. 

  A first watershed is computed from the two initial 
marker sets (Image 1). The resulting watershed (red line) 
is considered as a third marker for a second watershed 
(Figure 4) which gives three regions (inside, fuzzy and 
outside). 

 

 

Figure 4 : Iterative watershed (Level 1) 

On Image 2, we can see the new segmentation and its 
three areas :  
· Inside the red line : the tumor is surely present here. 
· Between the red and the green line. Here the tumor 

presence is strongly possible. The likelihood of 
presence decreases when moving from the red line 
to the green one. 

· Outside the green line : here we can think that there 
is no tumor. 

 

 

Image 2 : Fuzzy tumor visualization at level 1 

 

B. Level 2 
This algorithm can also be used a second time (level 

2) by adding to the previous markers the two sets 
resulting from level 1 called D and E on Figure 5. 

 

Figure 5 : Iterative watershed (Level 2) 

We obtain five concentric regions from “inside” to 
“outside” with a decreasing tumor likelihood : Image 3. 

 

 

Image 3 : Fuzzy tumor visualization at level 2 

 

IV. RESULTS  

A. Results close to the reality 
Tests are made on real medical images of head and 

neck (CT, MRI and PET). Nevertheless this is a generic 
segmentation technique working on all kinds of tumors 
in any gray level modality : the operator provides his 
model by using mouse clicks to get markers inside and 
outside the tumor. 

At level 2, within the tests with our database, outside 
region does not include visible tumor and does not 
depend a lot on initial markers position.  Image 4 shows 
an example of a level 2 segmentation on a CT-scan slice 
(right). The corresponding slice (+/- 1 mm) after surgery 
on the patient (Image 4, left) shows the tumor as a white 
area invading muscles (red) and bones (white-yellow). 
We can see that the level 2 segmentation is close to the 
real tumor. 

 



 

 

 

  

Image 4 : Segmentation of the tumor on a CT image 
(right), corresponding real image after surgery (left)  

The specialists we met were very interested by this 
novel  tumor visualization. They appreciated its more 
realistic fuzzy approach which reduces segmentation 
variability. Moreover, in a multi-modal context, CT, 
MRI or PET images can be more precisely mixed using 
fuzzy logic than for a classical inside/outside 
description. 

 

B. Computational time 
In addition to that, the watershed transform requires 

low computation time by comparison to model based 
segmentation methods frequently used in tumor 
visualization.  

Our tests are made on a Pentium IV, 512 RAM Mo. 
For level 2, we need three watersheds and marker matrix 
modification, morphological filtering, then to stock data 
and show it. The entire process takes 14 seconds using 
Matlab. 

The watershed algorithm itself is written in C and  
takes only 0.3 seconds. 

 

C. Operator interaction 
Our technique divides by three the average time spent 

by the operator during a manual segmentation : tests 
showed that it is necessary to perform 8 to 20 clicks per 
slice instead of 30 to 50 clicks. Moreover, the iterative 
watershed only needs clicks in points where the operator 
has no doubt so, as no decision is necessary, he spends 
less time per click.  

 

D. Reproducibility 
We tested the iterative watershed reproducibility on 

four very different tumors by computing the percentage 
of difference between the exterior region area (inside + 
fuzzy) when using different markers. The results are 
described in Table 1 and were qualified as very 
encouraging by specialists. The results depend on gray 

levels and their variations between the markers.   
 

 Tumor 1 Tumor 2 Tumor 3 Tumor 4 Total  
Average 
at level 1 6.7 % 2.4 % 3.3 % 7.0 % 4.85 % 
Variance 
at level 1 2.6 0.4 1.1 1.3 1.35 
Average 
at level 2 7.4 % 4.0 % 4.0 % 6.8 % 5.55 % 
Variance 
at level 2 2.0 1.8 2.0 1.0 1.7 

Table 1 : Average difference and variance between 
segmentations using different initial markers 

 

E. Getting high level information 
Finally, if a tumor is near a bone, there will be high 

gradient and low ambiguity between them, so the fuzzy 
area will be narrower: Image 5. This information makes 
possible to predict the tumor evolution: it grows well in 
muscles but there are few chances for it to invade bones. 

 

 

Image 5 : Fuzzy area depends on neighborhood’s gradient 

 

F. From 2D to 3D 
The final result physicians need is the tumor volume. 

The distance between two slices is in our case of 2.5 mm 
which is quite important. In order to smooth the 
resulting volume we need to interpolate between slices.  

For this purpose, we simply use morphological 
operations: removing unconnected pixels from the 
skeleton of the difference between  two successive slices 
as we can see on Figure 6. This process gives a “pseudo-
linear” interpolation: the interpolated slice is the smooth 
average between the two initial slices. 

 



 

 

 

 

Figure 6 : Interpolation (red) between the white and blue 
successive segmented slice 

We see, in white, the difference between two 
successive slices, and its filtered skeleton in red.  

This interpolation gives smoother volumes (Image 6).  
 

  

Image 6 : Volume reconstruction of segmented tumors 
using interpolation 

The red volume is the interior and the green one the 
exterior of the tumor.  

This interpolation operation can be used several times 
for giving an accurate smoothness of the volume. 

 

V. CONCLUSION AND FUTURE WORK 

We presented here a novel technique of semi-
automatic tumor segmentation. Fast, efficient and 
reproducible, the iterative watersheds are really adapted 
to noisy and very different images.  

Results are very encouraging but great enhancements 
are still possible. Future work will consist in image pre-
processing using techniques of contrast enhancement, 
anisotropic diffusions or wavelets analyses. 

Finally, we realized that working directly on images 
without a priori knowledge is not so efficient. A great 
deal in our future work is to introduce knowledge 
models in order to better segment tumors and all the 
other risk areas in head and neck radiotherapy as the 
ganglionic area or the spinous. 
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