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Abstract 
Correctly identifying crack and microcrack networks in natural rocks by X-ray CT can be challenging, 
due to the small size of the features and the multi-phase background material. We present use of a local 
percolation method to detect crack-like features in cores of Westerly granite that have been damaged 
by thermal fracturing. 
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1  Introduction 
Physical characteristics of rocks, such as strength and permeability to fluids or gas, are strongly 
influenced by cracks. Crack damage in rocks can be distributed isotropically, or show a dominant 
direction, which leads to anisotropic weakening of the rock and affects the direction of fluid transport. 
Traditional image based methods of crack detection allow only for a characterisation of crack networks 
in 2D, with conclusions about the 3D distribution based on the extrapolation of observations made in 
2D. X-ray computed tomography (CT) scanning allows for their observation in 3D and characterisation 
of factors such as crack density, crack direction and crack connectivity. 
 
Correctly identifying and segmenting microcracks in a multi-phase material, such as natural rocks, can 
be difficult. Simple threshold-based techniques suffer from a susceptibility to image noise as well as 
the change in background due to absorption differences in mineral phases [1], while simple filtering 
methods can obscure small cracks near the resolution limit. Gradient, or higher derivative-based 
methods, such as classical edge detectors (e.g. Canny edge detection [2]), often provide unsatisfactory 
results because of the stronger prevalence of the edges of high-contrast boundaries between mineral 
phases. By adapting a 2D local percolation method [3,4] for use in 3D, we can segment cracks 
independently from variations in background threshold, such as those stemming from changes in the 
mineral phase.  
 
The method is presented in this contribution. We have implemented our algorithm as a plugin for the 
open-source image processing program ImageJ. As a test case, we apply the method to identify the 
crack network introduced to a crystalline rock (Westerly granite) sample by fracturing the rock 
thermally. Further analysis of the data includes quantification of the crack network, such as crack 
volume, crack density and the degree of directional anisotropy of the network.  
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2.1 Experimental methods 
A Westerly granite sample was cored (20mm diameter) from a larger block. Crack damage was 
introduced by thermal fracturing the rock by heating the core to 850°C and cooling it back down to 
room temperature. Heating and cooling are performed homogeneously and slowly to avoid thermal 
shock. X-ray CT scanning of the damaged rock sample was carried out using the Zeiss X-Ray 
Microscopy Versa XRM500 instrument at the Henry Moseley X-ray Imaging Facility of the University 
of Manchester. A region-of-interest scan [see 5] was performed of a central volume (field of view 3 x 3 
x 3 mm) within the damaged core. The scan was performed at an x-ray voltage of 140 kV and the field 
of view adjusted for a voxel size of 3 x 3 x 3 µm. The volume was reconstructed using Zeiss Xradia 
proprietary XMReconstructor – Cone Beam – version 10.5.2073.11095. 

2.2 Image processing 
Apart from a smoothing kernel employed during reconstruction of the data volume, no further pre-
processing of the image was employed so as to avoid affecting the very thin crack features. A central 
cube of 600 x 600 x 600 voxels was cut from the data set to avoid edge effects and to speed up 
processing of the data. The data set was segmented into cracks and rock phases using our new image 
processing method, implemented as a plugin for the open-source image processing software ImageJ 
[6]. We present this method below. 

2.3 Crack segmentation in multi-phase material 
Voxels lying within cracks have two characteristics that enable feature identification: they are darker 
than the surrounding material and they are part of an approximately linear (2D) or planar (3D) feature.  
The method presented here uses both these characteristics to identify voxels that form cracks. For each 
voxel, all connected voxels (within a user defined kernel) having a grey value similar, or lower than 
the central voxel are selected. The shape of this local environment of each voxel is inspected and a 
value reflecting the 3D-'roundness' of the local environment is assigned. For background (rock) voxels, 
it can be expected that the shape of this selected volume will be approximately spherical, while crack 
voxels will have a lower roundness value assigned.  
We calculate the roundness of the local environment of each voxel i from the volume V and the 

maximum length r of a fitted ellipsoid as roundness . This approach is similar to previous 

attempts to segment vessels in medical imaging [7] and an adaption of an earlier 2D-method [3,4]. The 

traditional definition of sphericity   is not used in our approach, as it relies on a 

measurement of the outer surface area A of the volume. Because of voxel noise within the data, the 
surface area can become very large compared to the volume, which, when the roundness is calculated, 
gives the impression of a more planar structure. 
  
The roundness kernel moves through the dataset and iteratively selects each voxel calculating its 
roundness value. This data is then used to create a new image. Thresholding the roundness image 
creates a mask image of the cracks inside the rock. Finally, we create an image of just the cracks with 
their original intensity data by comparing the mask image to the original dataset. This preserves the 
original intensity profile of the cracks. An additional filtering step is included to remove the smallest 
crack objects, which are likely to be noise or are deemed to be not important for further quantification. 
Measurements and visualisation of the cracks and results are then carried out on either the mask or the 
crack image. 
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2.4 Crack characterisation 
Once the cracks have been segmented, further measurements can be carried out with image analysis 
software. We use a combination of the public domain software ImageJ (version 1.48g [6]) and plugins 
for it, and the proprietary software Avizo by FEI Visualization Science Group. Crack volume and 
crack opening (thickness of cracks) has been calculated using Avizo Fire 8.0.0. Anisotropy of the 
cracks has been quantified with the help of the ImageJ plugin BoneJ (version 1.3.11, [8,9]). The 
plugin, originally written to analyse trabecular structure, uses the mean intercept length method for 
determining anisotropy. Anisotropy of the structure is calculated as the 1 - ratio of the shortest vs. 
longest axis of a point cloud of mean intercept lengths and ranges from 0 (isotropic) to 1 (anisotropic). 

3  Results 
X-ray CT slice images show the opening of cracks along grain-grain boundaries in thermally fractured 
granite rocks (Fig. 1a). These observations are consistent with earlier studies that used SEM imaging 
and acoustic velocity measurements to investigate thermally fractured disks of Westerly granite [10]. 
 
Cracks detected with our proposed method are shown in Fig 1b. Most cracks have been detected, while 
high-contrast grain boundaries have not been segmented, unless a crack has opened along the grain 
boundary. 
 
As evident in Fig. 1b, the whole width of most cracks has been segmented. Simple crack quantification 
methods include measuring of the total volume of cracks within the rock volume. Voxel counting of 
the cracks segmented with our method shows that within the 600 x 600 x 600 volume, 1.5% of voxels 
have been assigned to cracks.  
 
 

 
Figure 1: a) XY tomographic slice of thermally fractured Westerly granite b) cracks detected by our proposed 
method highlighted. Labels in a) highlight cracks at grain-grain boundaries (A), and strong phase boundaries with 
no visible cracks (B). 
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Figure 2: Distance map showing the thickness of cracks. Colour-codes refer to the maximum distance of each 
voxel from its nearest surface. Original data is shown in a, while post-processed data with a morphological closing 
operator is shown in b. 

 
The maximal opening of the cracks can be determined from the calculation of a distance map (Fig. 2), 
which shows the distance of the crack voxels from the respective nearest surface by performing a 
series of erosion operations. The maximum distance a voxel can have from the outside of the crack in 
the here presented data is five voxels, which here equates a maximum opening of 31 m. As is evident 
in a representative slice (Fig. 2a), the majority of cracks have much smaller openings (1 - 2 voxels, or   
3 µm - 12 µm). 
 
In Fig 2a, the cracks seem fragmented and pixelated. This directly influences calculation of the 
distance map, because most pixels have contact on at least one side to the surrounding material and are 
therefore removed in the first erosion step. The appearance and thickness of the cracks can be 
improved by using morphological filters, for example a closing filter as a post-processing step (Fig 2b, 
closing radius 1.5). Applying such morphological filters runs the risk of removing or introducing 
features smaller than the structuring kernel of the filter, which can change the results of measurements. 
For example, after performing an additional closing step, the crack lines are far more even and crack 
openings have been filled in.  Consequently, the widest crack opening in the post-processed data set is 
now 16 voxels, even if the majority of cracks still have much smaller openings. The added voxels 
within the cracks increase the crack density of the volume from 1.5% to 2.6%. While there are some 
downsides to applying additional filters, post-processing of this type aids visualisation by clarifying 
structures. Some structural parameters, such as anisotropy of the crack network as discussed below, are 
also essentially unaffected. 
 
The structure of the whole crack network can be observed qualitatively by using visualisation software 
to display the cracks in 3D. A volume rendering of the cracks shows that microcracks are distributed 
evenly throughout the material (Fig. 3). In addition to the visual representation, the anisotropy of the 
crack distribution has been calculated using the BoneJ plugin for ImageJ. The anisotropy within the 
600 x 600 x 600 voxel volume is determined by the plugin to be 0.3 and thus fairly isotropic, as would 
have to be expected for thermal fracturing. 

a  b 
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Figure 3: Volume rendering of the crack network. 

 

4  Discussion 
In this paper we have presented a new image processing method for identifying and segmenting crack 
within multi-phase materials. Once segmented, further analysis and quantification of the crack 
networks is possible, for example determination of crack network isotropy as shown above. In the 
following, we discuss a few additional points regarding our image processing method. 

4.1 Comparison with edge-detection methods 
For comparison the traditional derivative-based edge detection, a gradient image of the unfiltered 
dataset is shown in Fig. 4a. Only strong crack edges stand out against the background noise. 
Additionally, edges have been introduced at phase boundaries. Edge-detection with a Canny filter (Fig. 
4b) only finds those strong edges visible in the gradient image and those at phase boundaries, 
irrespective of the presence of a phase boundary crack. As the Canny filter identifies the edge itself, 
the data cannot be directly used to measure crack widths. Obviously, further pre- and postprocessing of 
the data (such as applying smoothing filters) would improve edge detection with traditional methods. 
However, our main focus in this short contribution is to present a new method of crack segmentation, 
while a full evaluation and comparison with other approaches requires a more comprehensive study. 
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Figure 4: The gradient image (a, inverted for printing) of the unfiltered data set shown in Fig. 1a, and the edges 
cracks detected using a Canny edge detection algorithm (b). 

 

4.2 Discussion of the local roundness method 
A major advantage of using the intensity of each voxel to create the local environment, as opposed to 
using a fixed threshold value, is that it allows for identification of cracks within phases of different 
intensity. The only requirement is that the planar structure is darker than the local volume, depending 
on the size of the filter. However, for very dark voxels even within cracks, this leads to very small and 
usually 'round' local environments. As a consequence, these voxels would be assigned a high 
roundness value, which leads to their exclusion from the crack. To overcome this problem, we raise the 
grey value of the darkest voxels to the average value within cracks before processing the image.  
 
A disadvantage of our approach is the high computational effort of traversing the whole data volume 
and inspection the local environment of each voxel individually. Computational time also increases 
with the size of the filter kernel. A requirement for selecting the right kernel size is that it has to be 
sufficiently large to contain planar structures, but small enough to examine approximately planar 
sections of larger circular or strongly bending structures. Time can be saved by following Yamaguchi 
and Hashimoto’s [3,4] approach to employ an adaptive filter size that shrinks to 3 x 3 pixel if all pixels 
are part of the background. Additionally, the adaptive filter size helps adjusting for larger and smaller 
cracks within the same volume. We are currently re-writing our code to incorporate such a feature. 
 
The here presented approach has the advantage that the roundness value of each voxels environment is 
completely independent from all other voxels. Because of this, the approach is extremely well suited 
for parallel processing on multi core systems or graphical processing units (GPUs) which will be the 
focus of future work. 
 
 
 

a  b 
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5  Conclusions 
Evaluating the local environment of voxels enables identification and segmentation of micro cracks 
even in relatively noisy datasets, as presented here. The algorithm percolates voxels of similar intensity 
and analyses the resulting shape, which allows identifying cracks as planar features. Crack 
identification with this method is not influenced by strong intensity changes at phase boundaries, and is 
thus well suited for multi-phase materials, such as rocks. The segmented data can be used to calculate 
further characteristics of the crack network, such as crack anisotropy and crack density. Work is 
ongoing to improve computational time and ease of operation of the algorithm, before the plugin will 
be released for use. 
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