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Abstract 

In X-ray computed tomography (CT), post-processing of acquired data is necessary for obtaining quantitative information of 
the object. As initial step, it is necessary to segment different materials of the sample. The easiest and standardly used 
segmentation method is based on global thresholding according to histogram, but it works well only if histogram with multi-
modal character where the intensity is distributed to the separate count peaks. 
In this paper, we show the possibility of segmentation of tomographic data using trainable segmentation on data, where 
standard global thresholding fails. Trainable segmentation is a method that combines a collection of machine learning 
algorithms (decision tree, neural network, etc.) with a set of selected image features to produce binary pixel-based 
segmentation. This method is demonstrated on a sample of meteorite consisting of multiple phases (silicates, metals, 
sulphides), where knowledge of volumes of different materials is important for non-destructive study of modal phase 
composition, meteorite microstructures and identification of lithologies with different origin and evolution. 
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1  Introduction 
During the acquisition of a tomographic data, a lot of effort is usually invested to avoid the tomographic artifacts [1–3]. For 
obtaining quantitative information of these images, further postprocessing is no less important. In practice, a measured sample 
usually consists of multiple materials. Segmentation of individual materials is a first step for consequent processing.  
There are many approaches to a segmentation described in the literature [4, 5]. One of the most common and easiest method is 
based on global thresholding according to histogram [6–8].  In the case of a sample consists of one type of metal, in histogram 
there are two easily separable peaks corresponding to air background and a metal. However, if there are no easily separable 
peaks corresponding to constituent materials, the segmentation becomes faulty. The tomographic artifacts like cone beam 
artifacts [9], beam hardening [10] or metal artifacts [11] can make segmentation even more complicated. 
Other approaches use more complicated algorithms and can overcome these difficulties. Segmentation techniques including 
local adaptive thresholding, region growing methods, deformable surfaces, probabilistic fuzzy clustering, and image 
enhancement [4] can be applied directly. On the other hand, there are machine-learning algorithms like artificial neural 
networks, trainable segmentation, and deep learning methodologies requiring prior knowledge of the sample like shape, size 
and texture of phases [5, 12]. The most suitable method is selected according to type of sample, occurring artifacts etc. [13]. 
In this paper, we show a possibility of trainable segmentation method [14] for multiphase materials. In the case of these 
materials different phases have similar absorption properties and simple global thresholding fails. This method is widely used 
for house detection from satellite images [15]. Another example is segmentation of medical images used to find boundaries and 
cores of brain cell [16]. We used trainable segmentation method in combination with random forest machine learning 
algorithm, which uses classification and regression tree decision analysis [5, 17]. The principle is firstly to learn knowledge on 
the basis of training input with the combination of machine learning algorithms. Then the learned knowledge is applied on the 
rest of image data to obtain segmented result.  
We demonstrate a trainable segmentation on a sample of meteorite [18]. The meteorite includes metal parts, troilite parts, air 
voids and cracks. For characterization of such a geological sample, it is necessary to segment those parts and determine their 
volume for calculation of modal contains of metal and troilite without any destruction of studied meteorite. Phases in such 
material are distributed irregularly and in small pieces, and, at some parts, do not have enough contrast to be segmented by 
global thresholding. We show that trainable segmentation provides results with higher accuracy than segmentation by global 
thresholding. 
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2  Materials and methods 
The segmentation is demonstrated on a meteorite classified as chondrite, which fell near Zdar nad Sazavou, Czech Republic, 
on December 9, 2014 and was found on May 2, 2015. Different phases of meteorite are labeled on a tomographic slice in Fig. 
1. The bright white areas represent metals, grey areas represent troilite. Besides, air voids (surrounded by material of 
meteorite) and cracks (connected to background) are shown. 
CT measurement of meteorite was performed in X-ray micro and nano computed tomography laboratory in CEITEC BUT. The 
meteorite was scanned on a GE phoenix v|tome|x L240 device with cone-beam geometry, equipped with a 180 kV/15 W 
maximum power nanofocus X-ray tube and high contrast flat panel detector DXR250 with 2048 × 2048 pixel2, 
and 200 × 200 µm2 pixel size. Parameters of CT measurement are summed up in Table 1. The tomographic reconstruction was 
realized using GE phoenix datos|x 2.0 3D computed tomography software. 
 
 

Acceleration 
voltage 

X-ray tube 
current 

Exposure 
time 

Number of 
projections 

Voxel 
size 

150 kV 190 μA 750 ms 2000 (28 µm)3 
Table 1: Parameters of tomographic measurement of the meteorite. 

 

Figure 1: Tomographic slice of meteorite with description of different phases. 
 
The segmentation of different parts of meteorite was done in several steps. In the first stage, the envelope of meteorite was 
created in VGStudio MAX using Surface determination tool, morphological operations and manual removal of some 
remaining internal parts. Secondly, air cavities were segmented from material of meteorite by global thresholding. The 
threshold in the histogram was placed into the valley after the first peak, which corresponded to air. Segmented air in the 
meteorite was divided into air voids and cracks using Pore analysis module within VGStudio MAX and morphological 
operations on regions. 
Consequently, trainable segmentation was applied. All slices had to be normalized because of fluctuating light intensity to 
achiveve higher accuracy in following segmentation. A trainable segmentation using algorithm of random forest considering 
not only intensity, but also surroundings of pixels, was used. We selected image where areas containing the segmented phase 

Cracks Air voids Troilite Metals 
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were denoted as positive pixels and the rest of the image as negative pixels. Then this referenced image was used for training 
random forest model. For the evaluation of all images, the model was applied and results containing segmented troilite areas 
were saved.  

3  Results and discussion 
In histogram of tomographic data (Fig. 2), the first peak from the left corresponds to air the rest corresponds to the meteorite.  
There are no easily separable peaks corresponding to different phases in the material of the meteorite.  
Fig. 3a) shows a detail of slice of the meteorite with metals and troilite. In Fig. 3b), the most appropriate threshold for global 
thresholding was set. Regions around metals were determined as troilite as well, because of their higher brightness, which led 
to much higher volume of troilite. Therefore we applied trainable segmentation on these phases (Fig. 3c), which delivered 
more accurate results. 
The choice of a segmentation method has an influence on volumes of metals and troilite phases. Table 2 summarizes volumes 
and percentage by volume (total volume of meteorite was 12 887 mm3). Trainable segmentation gives smaller volumes than 
global thresholding, for troilite in paricular. 
The applied trainable segmentation works only on 2D slices, thus it cannot detect all cracks with thin and long shape, 
especially the ones which are perpendicular to examined slices. Therefore these were segmented by global thresholding 
(Fig. 4). 
The segmentation based on thresholding in VGStudio MAX allows user to show and check a segmented region directly. It is 
easy and relatively fast for the user. Trainable segmentation provides more accurate results. On the other hand, it requires 
preliminary knowledge of appearance of the phases. Segmentation of all phases was limited by resolution, therefore it is 
possible that not all volume of all phases was detected.  
 

 
Figure 2: Histogram of tomographic data of meteorite. 

 

 

 

 

 

Table 2: Volume and percentage by volume of metals and troilite phases in the meteorite (total volume of meteorite was 12 887 mm3). 

 

 Global thresholding Trainable segmentation 
 Volume Percentage by volume Volume Percentage by volume 

Metals 340 mm3 2.6 vol% 261 mm3 2.0 vol% 
Troilite 998 mm3 7.7 vol% 429 mm3 3.3 vol% 
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a) 

 

b) 

 

c) 

 

Figure 3: Slice through meteorite with results of segmentation. Red colour represents metals, blue colour represents troilite. a) Slice without 
segmentation, b) segmentation by global thresholding, c) trainable segmentation. 
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Figure 4: Slice through meteorite with detail of segmentation of air cavities. Red colour represents air voids, blue colour represents cracks. 

4  Conclusion  
Segmentation of multiphase materials becomes difficult when different phases have similar absorption properties and therefore 
do not have enough contrast to be distinguished easily. This situation is common for geological samples, where phases are 
distributed irregularly and in small volumes.  
The method of global thresholding is a quick and easy method for segmentation if the threshold value is chosen in accordance 
with histogram shape. Although nowadays software provides extended options considering local surroundings of segmented 
region, this procedure is not sufficient for segmentation of multiphase materials such as geological samples. In these materials, 
different phases with similar densities do not show enough contrast to be distinguished. This brings a faulty identification of 
individual materials and numbers of their volume. 
According to our study, the trainable segmentation is more accurate method for segmentation since it is using preliminary 
knowledge of appearance of different phases. The application of this method is demonstrated on a small piece of meteorite and 
results are compared to standard global thresholding approach. Differences of the segmentation results from both methods 
were imaged using a selected cross-section and the volumes of individual phases were quantified. Trainable segmentation 
resulted in smaller volumes of materials in comparison with global thresholding.  
However, the used trainable algorithm still does not fit well for segmentation of CT data, because it is applied separately on 
individual slices and does not take into account volumetric character of data. Cracks characterized by thin and long shape and 
oriented perpendicularly to the examined slices could not be detected. For this reason, the trainable segmentation had to be 
combined with thresholding for determination of volume of air voids and cracks. 
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