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ABSTRACT 

 
Outcome optimization of hyperthermia tumor treatment in 
the head and neck requires accurate hyperthermia treatment 
planning. Hyperthermia treatment planning is based on 
tissue segmentation for 3D patient model generation. We 
present here an automatic atlas-based segmentation 
algorithm for the organs at risk from CT images of the head 
and neck. To overcome the large anatomical variability, 
atlas registration and intensity-based classification were 
combined. A cost function composed of an intensity energy 
term, a spatial prior energy term based on the atlas 
registration and a regularization term is globally minimized 
using graph cut. The method was evaluated by measuring 
Dice similarity coefficient, mean and Hausdorff surface 
distances with respect to manual delineation. Overall a high 
correspondence was found with Dice similarity coefficient 
higher than 0.86 and a mean distance lower than the voxel 
resolution. 
 

Index Terms— Atlas-based method, Graph-cuts, Image 
segmentation, Hyperthermia, Computed Tomography,  
 

1. INTRODUCTION 
 
During hyperthermia treatments (HT), tumor temperature is 
elevated to temperatures in the range of 40º-44º. The 
effectiveness of radiotherapy (RT) is significantly enhanced 
when combined with HT [1-2]. To further improve the 
proven effectiveness of HT in the head and neck (H&N) 
region a site-specific applicator was developed for precise 
HT in the entire (H&N) region using electromagnetic fields. 
This device, called the HYPERcollar, permits the 
application of deep heating (>4cm under the skin) to the 
H&N cancers [3-4]. Simultaneously, electromagnetic based 
hyperthermia treatment planning (HTP) has been developed 
to exploit the specific heat-focusing capabilities of the novel 
applicator. HTP requires the generation of patient-specific  
anatomical models. Their accuracy directly affects the 
quality of the optimized settings that HTP provides and, 
hence, treatment outcome. The generation of these models is 
particularly challenging due to 1) the complexity of the 
underlying anatomy, 2) the large number of anatomical 

structures in a relatively small area and 3) the low contrast 
between relevant tissues in the CT images. Moreover the 
presence of the tumor increases the anatomical variability 
between different subjects, adding to the complexity. 

In this paper we focus on the accurate segmentation of 
the thermo-sensitive organs at risk (OAR), for which the 
treatment temperature level has to be restricted, i.e. brain, 
spinal cord [5] and eyes [6]. Exposure of the OAR must be 
kept below the threshold levels to avoid toxicity of the 
treatment. Using HTP, the ratio between tumor dose and 
thermal dose deposited in the OAR is optimized. Hence, the 
maximum thermal dose in OARs determines directly the 
possibility to achieve high temperatures in the tumor. 
Accurate segmentation of OARs is therefore a critical issue 
in HTP. This procedure is currently done manually in 
clinical practice. Since manual delineation is a tedious and 
labor intensive procedure, automation is needed.  

This work proposes an automatic method for OARs 
segmentation. Multi-atlas registration-based segmentation is 
refined by a graph-cut optimization step [7] which takes into 
account label probability distribution and tissue intensities.  

 
2. PREVIOUS WORK 

 
Atlas based techniques have been used by several groups to 
segment H&N CT images [8-13]. The success of these 
techniques can be explained by the easy integration of 
context knowledge to discriminate between neighboring 
anatomical structures with unclearly resolved boundaries. 
Below we discuss registration approaches and atlas fusion 
strategies commonly applied in H&N atlas-based 
segmentation. 
 
2.1. Registration methods 
 
Han et al. [8-9] have used object boundary points to 
compute the deformation field in a three step registration 
algorithm: an initial linear step, a block matching to align 
boundary points and a dense deformable registration for 
refinement. Teng et al. [10] used a knowledge based 
unsupervised segmentation algorithm to initialize a cubic B-
Spline non-rigid registration and to select the most similar 
atlas. Gorthi at al. [11] applied an active contour based atlas 
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registration. The registration is driven by region based 
forces that brings the atlas contour to move towards target 
regions with similar mean intensity value.  
 
2.2. Atlas selection and fusion  
 
Atlas selection and fusion strategies have been adopted to 
improve the segmentation results. Han et al. [12] have used 
STAPLE [14] to weigh the different atlas results in an 
optimal segmentation. In [10], the best atlas is selected 
based on the minimum Hausdorff distance between 
landmark surface meshes. Gorthi et al. [14] have chosen 
atlas fusion by majority voting for their registration 
framework [11].  
 
2.3. Graph-cuts 
 
Adding an intensity model and regularization to atlas-based 
segmentation has given good results in brain structures 
segmentation from MR images [8][15-16]. However this 
approach has not been applied to H&N CT image 
segmentation yet. To efficiently combine this information in 
an atlas-based segmentation framework graph-cut method is 
adopted. The advantages of graph-cut approaches [17] are 
well known: global optima, practical efficiency, numerical 
robustness and ability to fuse a wide range of visual feature 
and constraints.  

Our combined atlas registration – graph cut approach 
permits us to combine strengths of both approaches: the 
atlas-based registration gives a suitable spatial prior for a 
more accurate gradient- and intensity-based graph-cut 
segmentation approach. In this way, we prevent inaccurate 
atlas-based segmentations that are caused by a deformation 
field that is constrained by the degrees of freedom of the 
transformation model, and by an atlas-fusion process that 
generally does not use intensity information. 
 

3. METHOD 
 

In our method, we solve for each critical tissue type a binary 
labeling problem: each voxel is assigned a label  which is 
1 if  is a critical tissue voxel and 0 if  is a background 
voxel. The segmentation problem can be written as an 
energy minimization problem [7], where we are looking for 
labeling  that minimizes the negative logarithm of the 
probability  which, according to Bayes and ignoring 
the constant term  can be written as 
 

 
 

where  and  are the set of observed intensities and labels 
respectively. The prior energy is a function of a particular 
label distribution . A Markov random field, with cliques 
consisting of one and two voxels [18], is used to 
approximate  resulting in a prior energy: 

 
 

 is composed by a spatial prior information term 
, computed from the label probability distribution,  

and a discontinuity preserving function . 
 
3.1. Intensity model 
 
The term  depends on the intensity distribution 
within the foreground and background regions. The intensity 
distribution is estimated by sampling foreground and 
background voxels from the atlases. Here, each voxel is 
considered an independent and identically distributed 
random variable so: 

 

The intensity distribution is modeled by a Parzen window 
estimator for both the foreground and background voxels: 
 

 

Where is a gaussian kernel function and  is its width. 
 indexes the  samples drawn from the training image. 

For our experiment we have used 250 random samples from 
background and foreground voxels of each training image 
and a window width  of 50 HU was chosen empirically.  
 
3.2. Atlas based spatial prior  
 
The spatial prior term  is constructed from the N 
training images. First, every atlas image is registered to the 
target and its label is propagated to the target image space. 
Then the N propagated labels are used to generate a 
probability map  for foreground and background 
labels. The map is taken as single one-site clique potential: 
 

 

For registration a two-step approach is followed. First a 
rigid registration step is applied: a sum of squared distances 
rigid registration with 6 degrees of freedom (3 rotations and 
3 translations parameters) is employed; next a cubic B-
Spline, multi resolution, mutual information registration 
[19] is used to obtain a fine non-rigid alignment. Some 
registration results in totally wrong alignment. To exclude 
these cases a safety criterion is adopted: if normalized cross 
correlation coefficient (NCC) between registered and the 
target image is  the registration result is 
considered as erroneous and that image is not used as an 
atlas for that specific target image.  

 
3.3 Regularization 
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The regularization term  is given by [17]: 
 

  

This gives a penalty to the energy if two neighboring voxels 
have a different label and intensity values within the 
difference range . This value is chosen as the standard 
deviation of the foreground region (learned from the training 
set). 
 
3.4. Graph cut 
 
With the terms introduced above the total energy functional 
reads: 

 

 

This function is converted into a directional graph to 
compute the global minimum, finding the minimum s-t cut. 

 and  are  parameters that weight the single term 
contributions on the functional value. A standard graph-cut 
algorithm [20] is used to find the minimum energy cut. For 
each tissue a graph-cut is computed.  
 

4. EXPERIMENTS AND RESULTS 
 
4.1. Experiments 
 
The method was trained and tested on two disjoint sets of 11 
CT images for a total number of 22 sets of images 
corresponding to 22 patients.  All the images were manually 
delineated by an expert for hyperthermia treatment planning. 
In total 6 different experts delineated the images (about 4 
delineations for expert). The in-plane resolution is 1.0 mm 
for all images while the slice thickness ranges from 1.5 to 3 
mm. We compared the graph-cut (GC) segmentation, with a 
multi-atlas segmentation (MA). MA results were obtained 
minimizing (2) without considering intensity and 
regularization priors. This is equivalent to fusing the single 

atlas segmentations for the same target, with majority 
voting.  

The results were evaluated by comparison with the 
manual delineations. Dice similarity coefficients (DSC), 
Hausdorff and mean surface distances between automatic 
segmentation and reference standard were used as similarity 
measures. The evaluation is performed per tissue.  
 
4.2. Parameter settings 
 
A leave-one out experiment on the training set was 
performed to determine the optimal settings of the algorithm 
parameters. The DSC was used for the optimization of B-
Spline grid-spacing [19] in the registration and of the 
weights  and  in the graph cut method. We used a 5-
resolution B-Spline control points grid [19], and found 
optimal results with grid-spacing going from 112 mm to 7 
mm, coarse-to-fine. The lowest resolution permits to cope 
with large non-rigid deformations. The graph-cut 
segmentation parameters were determined for each tissue 
separately: a combination of weights  and  
is used for brain and eyes while  and  for 
spinal cord. The same setting was used for all the images. 
 
4.3. Results 
 
The method was evaluated both on the training and test set 
using the optimal parameters. For the training set a leave 
one out approach was adopted. For the evaluation of the test 
images, we segmented each test image using the training set 
images as atlases. On average 9 atlases were used for the 
registration. The average results for training and test set are 
shown in Table 1. In Figure 2 the segmentation of one 
patient is shown: manual labels are compared with graph cut 
segmentation.  DSC and mean distance values show that the 
overall segmentation correspondence is high for all the 
tissues: average DSC is higher than 0.86 for all the tissues 
and the average mean distance indicates accuracy within the 
voxel resolution. The Hausdorff distance values magnitude 
states the presence of outliers; these errors are caused by 
registration errors which the GC refinement could not 
recover, in fact there is hardly any improvement in 

(2) 

Fig. 1: Illustrations of qualitative agreement between Manual        vs. GC       segmentation.         
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Hausdorff distance between MA and GC. The results on the 
training set are similar to the results on the test set. The 
improvements between MA and GC results were found to 
be statistically significant at the 0.05 level using paired t-test 
for spinal cord and eyes DSC. 
 

Table 1: Training (Train) and Test set evaluation,  MA vs GC. 
Mean DSC, mean ± standard deviation, Hausdorff and mean 
surface distances. 
 

DSC Hausd. dist. (mm) Mean dist. (mm)
Train MA GC MA GC MA GC 
Brain 0.97±0.01 0.98±0.01 14.3±5.4 14.7±5.1 0.7±0.2 0.5±0.1

S.Cord 0.80±0.03 0.86±0.04 10.2±5.6 9.4±4.9 1.2±0.6 0.9±0.4
Eyes 0.85±0.03 0.88±0.03 4.1±0.9 3.8±0.8 0.8 ±0.2 0.7±0.2
Test MA GC MA GC MA GC 
Brain 0.97±0.01 0.98±0.01 11.5±3.1 11.2±3.2 0.7±0.3 0.6±0.2

S.Cord 0.81±0.03 0.87±0.04 8.9±3.4 8.6±4.4 1.2±0.5 0.9±0.5
Eyes 0.85±0.03 0.87±0.03 4.8±2.2 5.1±2.1 0.8 ±0.3 0.8±0.3

 
5. DISCUSSION AND CONCLUSION 

 
In this study, we investigated a fully automatic method to 
segment thermal sensitive tissues using a combination of 
atlas registration and intensity modeling in a graph-cuts 
segmentation framework.  

The results of the method over the training and test set 
are similar, this indicates that parameter optimization was 
good and that the training set is representative for the test 
set. When comparing the results of the original MA with the 
GC approach, the latter approach consistently performs 
better. For all tissue types, both average Dice and mean 
distance values are better for the GC approach. Compared to 
the original application of the method, hippocampus 
segmentation in MR images, the improvement of GC over 
MA is larger [8], suggesting that the introduction of the 
intensity model and regularization is more effective in our 
application. It may be caused by the fact that CT intensities 
have an absolute value, whereas intensities in MR are 
relative and may suffer from in-homogeneities.  

We are planning to investigate the inter- and intra-
observer variability in method accuracy using different 
atlases for segmentation. Further the influences of the 
variation of accuracy on the SAR and temperature 
distribution prediction will be analyzed. 

We conclude that we implemented and evaluated an 
atlas-based graph-cut approach that has potential to improve 
the efficiency of temperature sensitive tissue delineation in 
HTP.  
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