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Abstract. This paper describes an approach for statistical analysis of 
industrial 3D X-ray computed tomography (3DCT) data and different 
means of visualization for the statistical information. The main purpose 
of a statistical analysis is, that the information concerning spatial 
uncertainty of industrial 3DCT data is often neglected for typical data 
evaluations.  However, the data inherent uncertainty information mainly 
contributes to the result of each data evaluation. To address this issue, a 
data processing pipeline is proposed, which consists of three major 
steps: anisotropic diffusion for prefiltering, K-means clustering for an 
automatic definition of the specified classes in the dataset and finally the 
calculation of probability volumes applying the Bayes Theorem. The 
first part is a prefiltering step, which aims to reduce noise without 
blurring edges and so to increase the quality of classification. The 
second step is the statistical analysis: First, a K-means algorithm is used 
to compute probability information based on the provided data. The 
results are used to define probability density functions, which describe 
the probability of a certain data value to belong to a specific class or 
material. Secondly the Bayes Theorem is applied to calculate a 
multichannel probability volume consisting of posterior probabilities for 
each channel (material) and each spatial position. These probabilities are 
finally used for uncertainty visualization. Concerning visualization we 
present two methods to visualize the calculated probability information: 
direct volume rendering (DVR) of the probability applying a transfer 
function for color coding and opacity mapping and secondly the 
extraction of isolines which interpolate a certain probability value. Both 
visualization techniques are tested on test specimens as well as real 
world industrial components. 
 

1 Introduction and Motivation 
It is well known that uncertainties are often the result of error-prone measurements or 
incomplete sampling and appear in applications processing a large amount of data. One such 
example is industrial 3D X-ray computed tomography (3DCT) which is used for non 
destructive testing and metrology applications. 3DCT is based on the following principle: X-
rays are shot from the X-ray source through the specimen to the detector, which measures the 
incident radiation. The specimen performs a full 360 degree rotation. For each orientation of 
the specimen the X-ray attenuation is recorded in penetration images which are 
mathematically reconstructed into a 3D grid of grey values. [7] One crucial disadvantage of 
this technique is the occurrence of artefacts. Some of the most common artefact types are 
noise-induced streaks, aliasing, beam hardening, partial volume and scattered radiation 
effects. Figure 1b shows an artefact prone measurement of an industrial component where 
grey values are modified so that the application of a transfer function introduces holes and 



additional material in the 3D rendering. If we compare the rendered dataset with a photograph 
of the original work piece (Figure 1a) these structures and holes cannot be detected in reality. 

 

 
Figure 1: Industrial oil filter housing specimen with complex geometry. (a) Photograph of the specimen. No 
holes exist and the surface is smooth. (b) 3D rendering of the CT dataset showing rendering artefacts. Holes and 
additional material appear in the rendering. 
 
The characteristics and strength of such artefacts strongly depend on the material, geometry, 
position and orientation of the specimen in the ray as well as measurement parameters. In non 
destructive testing artefacts can have a huge impact on the quality and precision of an 
evaluation, e.g. they affect the precision of a dimensional measurement because it is hard to 
find appropriate global thresholds without additional information. Usually only one grey 
value is used as global threshold for the distinction of the interface between material and air, 
e.g. to extract an isosurface. In most cases however a single threshold is not enough, 
especially when artefacts interfere with transitions between material and air. Therefore it is 
difficult to distinguish between correct and incorrect values. The introduction of uncertainty 
information makes it possible to estimate the error of measurement at a certain spatial position 
in the dataset and thus use it to increase the interface quality between different materials.  

Besides dimensional measurement, also simple visualization is prone to errors without 
considering uncertainty information. Visualization of these errors helps to identify possible 
artefacts and prevents the user from deducing incorrect results. 

2 Related Work 
Due to the fact, that all recording devices tend to be susceptible to noise, several techniques 
have been developed to improve image quality. Perona and Malik [3] introduced the method 
of Anisotropic Diffusion or also known as Perona-Malik diffusion. This method allows the 
reduction of noise like Gauss filtering but preserves edges and fine details. In their work they 
use it for edge detection. Anisotropic Diffusion is applied in the presented work in order to 
improve the quality of classification.  
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consideration of edges or fine details. What we require is a method that smoothes the interior 
of each region while it preserves material boundaries. Anisotropic diffusion by Perona and 
Malik [3] fulfills this criterion. Their approach is to filter the data by following the partial 
differential anisotropic diffusion equation: 
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div is the divergence operator, c represents the conduction coefficient of smoothing, ∇ and ∆ 
are the gradient and Laplacian operators respectively. The coordinates x and y define the 
image location and It is the changing image over time t. In order to achieve the goal of 
preserving edges and boundaries the function c(x,y,t) has to be nonnegative and 
monotonically decreasing with g(0) = 1 whereas high values are returned for interior regions 
and low values for boundaries. Therefore using gradient information for the parameter of 
function g fulfils our requirements. 
 

3.2 K-means 
A K-means algorithm [5] is a very simple and fast method used for clustering of similar 
objects to a known number of k clusters. For 3DCT scans of single material work pieces K-
means proved to be an efficient way to distinguish materials. The basic idea is an iterative 
procedure as follows: 

1.) Define k random cluster mean values for the first iteration step. 
2.) Assign each grey value to the cluster with the closest distance to the mean value. 
3.) Recalculate the mean value of each cluster. 
4.) Continue with step 2 until the cluster mean values do not move anymore or a 

predefined maximum iteration depth is reached. 

The Euclidian distance is used as a distance function and the Euclidean sum of squares is used 
as a mean value. Based on the assumption that homogenous materials in 3DCT scans are 
continuously distributed around a mean value, we use Gaussian probability functions as 
classifiers. The resulting classes of the K-means algorithm allow to calculate necessary mean 
µ and standard deviation σ values. In order to gain smooth transitions between low and high 
probabilities we increased σ to 3σ for the presented work pieces which was found empirically. 

 

3.3 Bayes Theorem 
After applying the K-means algorithm on the dataset we set up a probability density function 
for each class or material. Using this probability density function, the probabilistic likelihood 
�(��|��) as it is called in [4] is calculated. We however want to evaluate the posterior 
distribution  �(��|��) which normalizes the likelihood and weights against prior probability. 
Therefore we make use of the Bayes Theorem: 
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C denotes the number of classes and �(��) defines the apriori probability. As the priors 
should not influence the posterior probabilities the prior probability is 1 �⁄  for all classes. The 
divisor of formula 3 serves as a scaling factor to guarantee that all posteriors of each class 
sum to one. The feature vector �� for CT datasets could consist of the spatial grey values, 



gradient magnitudes and similar properties. Due to performance reasons and artefact 
influences we decided to use only a one dimensional feature vector consisting of the spatial 
grey values.  

The result of statistical analysis is a multi channel dataset of channel size k. Each channel 
represents the posterior probability for each material. Tested work pieces consisting of air and 
material are visualized by always selecting the material component. 

 

4 Results and Discussion 
Testing and evaluation of the described pipeline was done by scanning three work pieces. 
These scans were performed in a HWM Rayscan 250E 3DCT device with a 225 keV 
microfocus and a 450kV macrofocus tube. We used the libraries ITK [9] and VTK [10] to 
implement the pipeline in C++. 
Work piece one (Figure 1a) is an aluminum oil filter housing with complex geometry. 
Especially central areas of the specimen are strongly affected by artefacts and smooth surfaces 
become rough (lower left corner of Figure 1b). The work piece was scanned using: 810 
projection images, 210 kV, 830 µA, 500 ms integration time and 1 mm Cu prefiltering. 
In Figure 3 we see the result after applying the pipeline on the oil filter housing. Strong 
artefacts, which are manifested as holes and thickening (Figure 1b), are also shown in the 
uncertainty visualization as red and orange areas. Interpreting this information it becomes 
clear at first sight, that the rendered holes and additional material are artefacts. Less obvious 
artefacts are shown in the lower right corner of Figure 3 which are caused by the drill holes. 

 

 
Figure 3: Uncertainty visualisation. The zoom-ins show areas severely affected by artefacts. The transfer 
function and probability distribution is shown below the rendered image.  
 
Work piece two (Figure 4a) is an aluminum cylinder with a drill hole along the longitudinal 
axis. On the top there is a concentric ring with two vertical and one horizontal drill hole 
(Figure 4b), in the middle a bigger horizontal hole and on the bottom four vertical ones. The 



work piece was scanned using: 720 projection images, 210 kV, 315 µA, 500 ms integration 
time and 1 mm Al prefiltering. 

This work piece was scanned in order to present another method for uncertainty visualization: 
isolines. Each isoline represents a certain probability value. This kind of visualization is a 
good way to identify probabilities of inner structures. In Figure 4 we used 10 isolines between 
the probabilities 0.3 (yellow) and 0.9 (blue). 

We get the highest uncertainties on the top and especially in the bottom area of the cylinder. 
The first conclusion we can infer by analyzing Figure 4 is that the drill holes in the concentric 
ring are less artefact prone than the longitudinal one as there are no light green and yellow 
isolines. In the area of the horizontal drill hole blue isolines indicate high probabilities near 
the outside of work piece two and decrease with the distance to the center. Furthermore 
variances in the distance between isolines are an indicator for artefacts as shown in Figure 4c. 
On the lower right side of this depiction isolines are close together whereas large distances 
occur on the upper left side. This means that uncertainties are not equally distributed along the 
drill hole. 

 

 
Figure 4: Uncertainty visualisation of work piece two using isolines. Blue lines represent high, green lines 
middle and yellow lines low probabilities. In this example 10 isolines are drawn in the range from 0.3 to 0.9. The 
slice depicted in (a) is shown in (b). The enlargement of the upper left hole (c) is rendered with reduced lighting 
for better visualization. (d) The used color coding.  
 
Work piece three is an aluminum engine piston of a motorcycle (Figure 5). Due to high 
penetration length and scattered radiation the main artefacts appear on the cylinder cap and in 
the piston rings. The piston is scanned using: 630 projection images, 200 kV, 500 µA, 500 ms 
integration time and 0.5 mm Cu prefiltering. 



 
Figure 5: Pseudo color (a) and isoline visualization (b) of a motorcycle piston. (c) Detailed view of the most 
interesting area. The used transfer function and the used colors for isolines are shown below and next to the 
images. For the isoline visualization 10 lines between the probabilities 0.3 and 0.9 are drawn. 
 
Pseudo color visualization shows the artefacts as expected (yellow areas of Figure 5a). 
Probabilities of inner structures are depicted by 10 isolines between the probabilities 0.3 and 
0.9 (Figure 5b and 5c). In most areas the isolines are close together except in the area of the 
detailed view (Figure 5c). There the space between the same isolines increases. This indicates 
that the area of high uncertainty is larger and therefore artefacts can be identified in this 
region. 

5 Summary and Conclusion 
The presented calculation of uncertainty information as well as the two visualization 
techniques are robust and lead to expected results. The pipeline is a combination of CT 
scanning, Anisotropic Diffusion, the K-means algorithm and Bayesian decision theory. Tests 
on industrial work pieces as well as homogeneous test parts showed that probability data 
allows to identify artefact affected areas precisely also without knowledge of the real 
specimen. Pseudo colors are mainly applied on objects for uncertainty visualization of 
surfaces. Isolines are more convenient to view uncertainty information about inner structures. 

In the future a more sophisticated probability calculation by using multi dimensional feature 
vectors including gradient magnitude is possible. This would lead to an even more precise 
distribution of materials and therefore an improved accuracy in uncertainty visualization.   
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