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Abstract. Methods for segmentation of skull infiltrated tumors in Com-
puted Tomography (CT) images using Insight Segmentation and Regis-
tration Toolkit ITK (www.itk.org) are presented. Pipelines of filters and
algorithms from ITK are validated on the basis of different criteria: sen-
sitivity, specificity, dice similarity coefficient, Chi-squared, and Hausdorff
distance measure. The method to rate segmentation results in relation
to validation metrics is presented together with analysis of importance of
different goodness measures. Results for one simulated dataset and three
patient are presented.

1 Introduction

In the framework of CRANIO! project for Computed and Robot Aided Cran-
iotomy [1] a module for automatic and semiautomatic detection and delineation
of tumors invading skull, i.e. primary skull tumors, skull metastases, primary
intradural meningiomas, and primary extradural meningiomas with skull exten-
sion, as defined in [2], is being developed. Those lesion typically involve both soft
and calcified tissue, occupying wide range of Hounsfield Units (HU), therefore
are difficult to segment. In this phase of our research we focus on CT imaging
modality, since CT shows better geometrical precision needed for intraoperative
navigation [3], but is also a golden standard for imaging of bone changes [4].

Recent developments in the ITK open source library made numerous image
processing algorithms available for research and development. WE develop CT
head image analysis pipelines to address the problem of skull tumor segmenta-
tion. As the building blocks of each pipeline, ITK functions and classes connected
by the means of the same software paradigm and framework used in ITK itself,
are used. Therefore, the compatibility with ITK, as well as with new versions of
the library is preserved.

Measuring the performance of medical image processing algorithms requires
the knowledge of the true borders of the object under investigation and a pre-
cisely defined validation metrics. However in medical image processing society
there is no established method to define the goodness of a segmentation result.
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Software tools recently introduced for segmentation validation (e.g. [5]) are help-
ful but are not available as source code. We have used ITK functionalities in order
to implement ITK-like functions/classes for computation of different validation
metrics. Here, metrics are desribed and a proposal how to analyze the results is
given.

2 Materials and Methods

One simulated CT dataset and three patients datasets, with manual segmen-
tation done by a neurosurgical expect, two diagnosed with meningioma and
one with the interosseous brain metastasis, are used. Patients are scanned with
Siemens Somatom Plus CT scanner (0.43mm x 0.43mm x 2mm). The simulated
dataset image is generated on the basis of two superimposed images: one of
the healthy patient and one of the patient with diagnosed and postoperatively
validated large meningioma. The simulated dataset was used to train the seg-
mentation methods and optimize algorithmic parameters, since the true borders
of the tumor are known.

2.1 Segmentation methods

Prior to evaluation, we have tested and visually inspected various results ob-
tained from the three main groups of the segmentation algorithms:

— Image intensity filters
— Region-based methods
— Model-based methods.

Image intensity filters failed in nearly all cases, since the HU range of the tumor
that infiltrated cranial bone is wide, given that image intensities in soft and cal-
cified tissue are significantly different. The segmented region is either too large,
comprising healthy parts as well, or too small comprising either bone or soft tis-
sue only but no the entire tumor affecting calcified and soft tissue. For the region
based segmentation methods we have used mathematical morphology operators,
erosion and dilation, in order to remove significant over-segmentation, present
in all the cases. Preprocessing of images included smoothing and edge enhance-
ment using a Sigmoid filter around the tumor HU values. Figure 1 shows typical
pipelines of two main processes. For Region Growing (RG) were used: Neigh-
borhood Connected (NC), Confidence Connected (CC), Connected Threshold
(CT) algorithm. Following Level Sets (LS) are used: Geodesic Active Contours
(GAC), Laplacian (LLS), Threshold Level Sets (TLS) and Narrow Band Curves
(NB).
More details on the algorithms could be found in [6] and [7].

2.2 Validation

As the golden standard for the validation a manual segmentation done by a
neurosurgical expert is used. Although it is indicated that a larger number of
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Fig. 1. Pipelines of two segmentation approaches

human raters is needed for a validation (e.g. in [8]), for the development process
one segmentation done by an expert is sufficient. Validation criteria are often
classified into two groups, statistical metrics and geometrical metrics, in respect
which region/edge properties are being measured. The most common statistical
criteria are sensitivity and specificity, defined as follows:
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where TP, TN, FP, and FN are the numbers of voxels classified true positive,

true negative, false positive, and false negative, respectively. Although they are
widely used in the medical image processing domain, they are not sufficient
since it is often ambiguous which criteria is more relevant for the given problem.
The major pitfall of sensitivity/specificity is their dependability of the relation
between sizes of image and object under the investigation. Statistical metric
not dependable on the size of samples, Dice Similarity Coefficient (DSC) [9], is
defined as follows:

sensitivity =

2.TP
DSC = oy FPT FN (2)

Another size independent statistical metric is x? [10]:

o sensitivity — (TP + FP) specificity — (1 — (TP + FP))
N 1-(TP+FP) TP+ FP ’
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For geometrical validation, Hausdorff distance is used, available in ITK.

3 Results

Simulated dataset was used to test the performance and to narrow the number
of algorithms and parameter space used for the real patients. As mentioned in



‘ Patient ‘Method‘Sensitivity‘ Speciﬁcity‘ DSC ‘ X2 ‘ Hausdorff ‘
Phantom| LS ]0.81+0.28{0.9940.01 |0.734+0.25|0.72+£0.25| 5.6444.33
RG |0.77£0.24| 0.9740.05 |0.58+0.29|0.56+0.29| 29.024+-24.05

A LS 0.694+0.12| 0.89+£0.24 |0.46£0.14|0.394+0.15| 28.96+£21.25
RG |0.69+£0.08 | 0.93+0.05 |0.3940.07|0.29+0.08| 74.2+8.23

B LS 0.87+0.10| 0.99+£0.01 |0.79£0.09|0.784+0.09| 17.10+4.66
RG 0.82+0.13| 0.97£0.02 |0.5640.09(0.51+0.01|100.65419.54

C LS 0.7940.10{0.97£0.001|0.70£0.09|0.68+0.09| 19.86+6.38

RG |0.88£0.07| 0.974+0.03 |0.66+0.12|0.63+0.13| 50.65+25.73
Table 1. Mean and standard deviation of validation metrics 3 patients and the simu-
lated dataset (Phantom); LS = Level Sets; RG = Region Growing

(a) Patient B (b) Patient C

Fig. 2. Example CT slices with the best segmentation result (in both cases: Geodesic
Active Contours Level Set algorithm). Red line is a manual segmentation, blue line is
the best segmentation result according to the analysis of validation metrics; yellow line
represents a perfect match between manual and automatic segmentation

the Section 2.1 image intensity filter failed and were not further considered.
For further three patients segmentation methods were executed with varying
parameters. Results of validation procedure for all segmentation outcomes is
presented in the Table 1.

Analysis showed that there is no significant difference in segmentation result
rating between DSC and 2, thus only one of them (DSC) is used for the valida-
tion purposes. In order to assess the quality of segmentation results, 3D plots of
statistical parameters as in Figure 3 are used. For the segmentation results hav-
ing all three statistical parameters similar, in the second stage of the validation,
a geometrical measure (Hausdorff) is employed.

Figure 3 shows the obvious advantage of LS algorithms in comparison to RG
approaches. As discussed in the Section 2.1 RG methods tend to over-segment,
due to the wide range of HU values in which the tumor is situated. Erosion
and dilation, combined, can suppress it to some amount but the problem per-
sists. Among the LS methods, Geodesic Active Contours LS showed the best
performance.
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Fig. 3. 3D plot of sensitivity, specificity, and DSC measures of two major groups of
segmentation methods (RG and LS).

4 Discussion and Conclusion

Statistical methods commonly used for validation in medical image processing
can often fail to detect errors in a segmentation result. For example, RG algo-
rithms for Patient B, Table 1, show both sensitivity and specificity slightly better
in comparison with the LS. However, after analysis of DSC, %2, and Hausdorff
measures, it is clear that this conclusion is false since all later three are signifi-
cantly in favor of Level Sets. Visual inspection showed that RG algorithms had
significant over-segmentation. However, for a large amount of segmentation re-
sults, visual inspection is too time consuming, and should be avoided. Therefore,
we have used a stepwise validation: 3D analysis in statistical metrics space (as in
Fig.3), followed by geometric measure (Hausdorff) for segmentation results with
similar statistical parameters. This validation pipeline takes into consideration
multiple goodness measures and is able to appropriately classify segmentation
results.

Advantage of Level Set algorithms to other moving surface approaches is in
their capability to advance in two or more fronts and finally merge them together
into one bounding surface. This behavior was observed here as well. The fronts
were propagating separately in parts of images with soft and calcified tissue,
building a common edge in the final phases of spreading. However in parts of
images with a high texture, typically in calcified tissue, fronts were separating
around high HU values.

Our ongoing work is focused on image intensity and mathematical morphol-
ogy analysis of tumors in order to improve existing ITK algorithms to incorporate
a priori knowledge in the segmentation pipeline.
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