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Abstract 
Micro-Computed Tomography (µCT) is used for imaging narrowly fractured natural rocks from the 
subsurface of the Vienna Basin, Austria. The dolomites from the Hauptdolomit Formation represent a 
successfully producing reservoir for hydrocarbons (mainly gas). However, the heterogeneity of the 
rocks and their fracture networks make conventional predictions on economically viable exploration of 
the reservoir difficult. µCT can provide a better insight on the internal fracture network of these rocks, 
and the porosity and permeability that go along with it. 3 cm diameter plugs from various locations of 
these rocks prove to be suitable for scanning by µCT with sufficient quality. After obtaining proper 
datasets, a segmentation step is required for further analysis. Segmentation by techniques often used 
for geological datasets does not provide reasonable results for narrow fractures. We therefore apply a 
technique termed multiscale Hessian filtering to extract the fractures from the datasets. This multiscale 
Hessian filter is an adaptation of a technique from the field of medical sciences, called Frangi Filtering, 
which is used for the extraction of blood vessels. The multiscale Hessian filter runs on a full 3D dataset 
using the public domain software ImageJ, on a desktop computer. After the segmentation routine and 
successive improvement of the results, the porosity distribution and the fracture network orientations 
can be extracted, and the permeability can be modelled. Eventually, results from different techniques 
and samples will be integrated, to improve the knowledge on the studied reservoir. 
 
Keywords: µCT, geology, reservoir, fracture, porosity, permeability, segmentation, multiscale Hessian 
filter 

1  General introduction 
In geology, rocks are studied over a very wide range of scales using a broad spectrum of different 
techniques. Classical approaches to evaluate structures present in rocks range from large scale 
fieldwork, via hand specimen analysis, to the analysis with various microscopes on thinned down 
slices of rock, termed thin sections. Also laboratory techniques can be applied on the samples. 
Although a tremendous amount of information can be gathered by the mentioned techniques, they 
often lack continuous 3D information, and most are destructive in nature. 
 
To overcome the “gap” in 3D analysis of geological samples, Computed Tomography (CT) in general, 
but mostly X-ray Micro-Computed Tomography (µCT), have become increasingly popular over the 
last 1 to 2 decades for the non-destructive analysis of natural rock samples. A large focus in geological 
literature, in which (µ)CT is applied, lies on the analysis of sandstones or other rocks that exhibit well-
connected pore networks with large open pores. These rocks represent the most suitable reservoirs for 
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hydrocarbons, and are therefore the most interesting from an economical perspective. Samples used in 
the analyses are drilled up from depth as cores, so origin from the actual reservoir itself. The most 
important parameters for the assessment of the hydrocarbon potential, from these samples, are porosity 
and permeability (the ability of the rock to transmit fluids). Although the (µ)CT analysis of the rocks 
can provide useful insights on these properties, “traditional” laboratory methods,  still remain to be the 
most applied, as they provide fast and reasonable results for these rock types.  
 
Many hydrocarbon reservoirs are however not very porous and permeable in nature. 50% of the 
world’s hydrocarbon potential is estimated to be located in carbonate reservoirs [1], of which many 
consist of heavily fractured rocks. The traditional laboratory measurements mentioned before are error-
prone on core samples from such reservoirs. The understanding of the reservoirs is therefore often 
incomplete and patchy; e.g. it is not always fully understood why one reservoir produces very well, 
whereas an apparently similar one produces poorly. For these kind of samples, a great potential lies in 
the use of 3D (µ)CT datasets, to obtain a more complete view of the sample structure and sample 
variation.  

2  Samples and µCT scans 
We investigate samples (Figure 1) drilled from the Hauptdolomit Formation in the Vienna Basin, 
Austria. These hydrocarbon-producing reservoirs (mainly gas) are located at depths of circa 3000 to 
5000 m. The rocks are mostly made up of the mineral dolomite, but some minor other constituents as 
well as clay-rich layers can be found. The drilled up samples are so-called cores of generally 10 cm in 
diameter, from which smaller, 3 cm diameter “plugs” are drilled out. The latter represent the standard 
size of samples for laboratory experiments. All investigated samples are fractured, but to very different 
scales and extents. The thickness of the observed fractures in hand specimen is in the range of a few 
µm to several hundreds of µm, and the bulk densities of the fractured samples lie around 2.7 g/cm3. 
 

 
 

Figure 1: Different rock samples from the Hauptdolomit Formation, drilled from the subsurface of the Vienna 
Basin, Austria. From the hand specimen only, one can already observe the heterogeneity of the rocks. The 3 cm 
diameter plug samples turn out to be the most suitable for µCT analysis. 



 

107 

The samples were scanned using a Rayscan 250E µCT-scanner at the Research Group Computed 
Tomography of the University of Applied Sciences Upper Austria (Fachhochschule Oberösterreich, 
FHOÖ) in Wels, Austria. The used X-ray source is a 225 kV Viscom XT9225 DED microfocus X-ray 
tube with a minimum focal spot of ca. 8 µm, and the device is equipped with a 2048x2048 pixels 16 bit 
a-Si flatbed detector. Table 1 shows the scan settings chosen for the samples. Reconstructions are done 
using the devices’ included Rayscan reconstruction software. 
 
 

Sample Voltage 
[kV] 

Current 
[µA] 

Exp. time 
[ms] 

Number of 
projections 

Pre-
filter 

Reconstructed 
voxelsize [µm] 

Prottes  
TS1-Nr1-4p 150 100 5000 1440 1.0 

mm Cu 19 

Prottes  
TS1 165 120 5000 1800 1.5 

mm Cu 18.9 

Schönkirchen 
T91-5p 150 100 5000 1440 1.0 

mm Cu 19 

Strasshof  
T4-3p 120 200 1999 1080 0.5 

mm Cu 20 

Table 1: Scan settings of useful scans of 3 cm diameter plug samples. All scans have 5x radiogram averaging to 
reduce noise in the final reconstructed result. 
 
 
For the 3 cm plug samples, as listed in Table 1, satisfying results have been obtained. Noise reduction 
by 5x radiogram averaging and an as good as possible beam hardening correction prove to be essential 
for further analysis. Note that the combination of density and sample thickness requires voltages of at 
least 120 kV, yielding energies that make X-ray attenuation here primarily a function of density. 
 
Additionally to the small plug samples, scans of larger samples have also been attempted. For the 10 
cm diameter samples, X-ray penetration turns out to be insufficient at the energy levels mentioned 
above, and higher energies are no option due to a decline in resolution. A scan of one odd-sized 6 cm 
diameter sample yielded more promising results, but is not useful due to artefacts resulting from a very 
dense mineral phase inside the pore space. 

3  Data processing 

3.1 Background 
In order to analyse and quantify the petrophysical properties of the samples, as well as their spatial 
distribution (if applicable), the obtained µCT data needs to be processed. We choose to segment the 
data for these future analyses. Although segmentation exhibits several drawbacks, performing further 
quantitative analysis is for us virtually impossible without simplifying the data in this way. 
Segmentation of the narrow fractures in the datasets however turns out not to be a trivial task. Direct 
thresholding of the datasets, the simplest available method, can definitely not provide satisfying 
results, and neither can several other often applied, more sophisticated segmentation routines. 
Especially within more specific geologically oriented literature regarding segmentation, narrow 
features are not often encountered, and attempts that do exist, are usually limited in their application 
(e.g. not applicable on full datasets of natural fractures).  
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3.2 Frangi filter and Hessian matrix 
In contrast to techniques from specific geological literature, more promising approaches to the 
segmentation of fractures can be deduced from literature in the medical sciences, focussing on blood 
vessel extraction from 3D datasets. Although blood vessels differ from fractures in their 3D structure 
(i.e. tubes vs. plates), several concepts remain applicable. Ideas from the approach taken by [2] could 
be adapted here to the detection of plate-like structures in a 3D dataset. 
 
The original Frangi Filter [2] uses the Hessian matrix of a dataset, to eventually produce a filtered 
dataset, in which the values represent the likelihood of the presence of a vessel structure (“vesselness”) 
at every point. The Hessian matrix is a square matrix containing the second-order partial derivatives of 
a function, here being the original data volume (i.e. grey-scale values). This matrix is thus a 
representation of the local curvature of contrast (or better: of an iso-intensity surface of the grey-scales; 
[3]) in the data volume. The eigenvalues of the Hessian matrix therefore provide a representation of the 
local principal directions (λ) of curvature in the data [2]. This concept can be used to distinguish 
between differently shaped objects, as shown in Table 2. The number of large principal directions of 
curvature of an iso-intensity surface thus defines the shape being present. 
 
 

2D 3D Orientation pattern λ1 λ2 λ1 λ2 λ3 
N N N N N Noisy, no orientation direction 
  L L H+ Plate-like structure (+ dark) 
  L L H- Plate-like structure (- bright) 

L H- L H- H- Tubular structure (- bright) 
L H+ L H+ H+ Tubular structure (+ dark) 
H- H- H- H- H- Blob-like structure (- bright) 
H+ H+ H+ H+ H+ Blob-like structure (+ dark) 

Table 2: Possible orientation patterns of the eigenvalues of the Hessian matrix in 2D and 3D. Eigenvalues are 
ordered |λ1| ≤ | λ 2| ≤ | λ 3|. H=high value; L=low value; N=noise; +/- indicates positive or negative eigenvalue 
(depends on the type of contrast; bright = bright feature on dark background, dark = vice versa). From [2]. 
 
 
To produce the Hessian information from a dataset, the data is convolved with the second order 
derivative of a Gaussian function, as described by the linear scale space theory [2, and references 
therein]. As the used Gaussian function can be varied in width, this also alters the size of the volume in 
which the Hessian matrix, hence the local curvature, is analysed. In other words, when one increases 
the size of the Gaussian kernel, one will analyse larger/broader structures. The “vesselness” analysis by 
combining multiple Gaussian kernel sizes, as used by [2], has been termed “multiscale vessel 
enhancement filtering” by the respective authors, but is also known as Frangi filtering. 
 

3.3 Multiscale Hessian filter 
To produce the final “vesselness” measure in [2], several parameters need to be set that determine the 
sensitivity of the filter. This approach has already been adapted to a “sheetness” measure for the 
detection of fractures (in bones) by [3]. We however decided to take a slightly different approach, 
because first, simpler calculations than for tubular structures should suffice, as only one eigenvalue 
needs to be large and positive. Second, we rather scale the results at the very end using one parameter, 
than having to define 3 sensitivity parameters at the beginning. 
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Our proposed workflow is termed multiscale Hessian filtering and is being implemented by the authors 
in the image processing and analysis software FIJI [4], an extended version of ImageJ [5]. This 
software is public domain, and many different plugins are available. The determination of the Hessian 
matrix and the consecutive calculation of the eigenvalues are performed by the plugin FeatureJ [6]. 
The workflow itself is written in ImageJ’s own macro language, and requires little user input. In short, 
the following steps are taken: 

• Loading of data and insertion of maximum contrast control lines with different width. 
• 3D Hessian matrix and eigenvalues determination with different Gaussian kernel sizes, 

serially on partially overlapping blocks of data (for computational memory reasons). 
• Data scaling to the maximum possible response (at control lines), per Gaussian kernel size. 
• Combination of the results from the different Gaussian kernel sizes. 

 
Unfortunately, the analysis described above does not immediately provide satisfying results. Noise and 
a wide spread in values produced for features of interest require some final non-linear scaling, 
analogous to the sensitivity setting in [2]. A good and repeatable standard for this has not yet been 
found by the authors, but several sigmoid functions (e.g. error function or logistic function) are 
promising in their outcome. In some cases, a very conservative threshold on the original data is 
combined with the results, for large, open porous structures that cannot be detected by the multiscale 
Hessian filter. Figure 2 shows two examples of the outcome of the multiscale Hessian filter on our 
datasets. 
 

 
Figure 2: Examples of µCT scans of fractured Hauptdolomit, and results from a multiscale Hessian analysis. The 
row above shows sample Prottes TS1 with long, through connected fractures. The filtered result has also been 
processed for connectivity through the sample, reducing noise. The row on the next page shows sample Prottes 
TS1-Nr1-4p, with a different fracture pattern. This data is not filtered for connectivity. Note that most fractures are 
well detected, although some responses are too wide in comparison to the original fractures due to the settings for 
the multiscale Hessian filtering. Both datasets also have a conservative threshold added, and are scaled using a 
sigmoid-shaped function. The grey dotted line shows the circular shape around the original data (as in left panes) 
as a comparison. Due to a ROI selection in the original data, and shrinkage of this ROI to delete edge effects from 
the 3D analysis, the circular ROI in the Hessian filtered image is somewhat smaller than in the original image. 
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In addition to the yet unresolved issues mentioned before, an inherent disadvantage of the Frangi 
filtering technique, hence also for the multiscale Hessian filter, is that a choice needs to be made for 
the Gaussian kernel sizes that are included in the analysis. Including too low Gaussian kernel sizes 
results in the inclusion of more noise in the final result, whereas too high Gaussian kernel sizes result 
in unrealistically wide fracture representations. This of course also leads to artefacts in datasets with 
heterogeneous fracture widths. A method to (semi-)automatically assess the Gaussian widths to be 
chosen is under investigation. 
 
Although the mentioned disadvantages are unfortunate, the multiscale Hessian filtering approach has 
some very clear advantages for the detection of narrow fractures in datasets. The results obtained are 
better than any other technique we attempted. Most fractures are detected well, with little influence of 
noise. Another advantage is the 3D implementation. Especially in somewhat older (geological) 
literature, segmentation approaches are in 2D, but it is clear a 3D approach can detect more and is less 
directionally biased, as also clarified additionally in literature [7]. Finally, one of the largest 
advantages of the technique is that it works on a desktop computer with a reasonable amount of RAM 
(e.g. 16 GB). Although the analysis takes quite some time (ca. 8 hours for an example dataset of 
1670x1670x1500 voxels), it only needs supervision in the setup and the first minutes. This prevents the 
need for very expensive hardware or waiting for available time on a cluster. The finished programmed 
workflow for ImageJ is planned to be fully published by current authors, hence freely available, 
including a more extensive description of the calculation steps taken. 
 
Note that the outcome of the technique described so far is not yet binary segmented. For visualisation 
and for the calculation of porosity in the sample, this is not a problem, but for permeability modelling, 
most approaches require a truly segmented result as input. Luckily, the filtered outcome can be 
segmented easily by a direct thresholding technique, although most applicable way to do this still 
needs to be assessed. Figure 3 shows a 3D visualisation of a dataset, including an example of such a 
binary segmentation. 
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Figure 3: Outtake from a 3D representation in Amira© of the results of sample Prottes TS1. The left pane shows a 
surface rendering of the original data. The middle pane and the right pane respectively show a volume rendering 
of the through connected fractures, and an isosurface of a binary segmentation, both of multiscale Hessian filtered 
data. 

4  Other and future work 
The multiscale Hessian filtering still needs some fine-tuning, but the results can be used for several 
analyses. As the first important step, the porosity can be calculated, and its spatial distribution (e.g. per 
2D slice through the dataset) can be assessed. Also the fracture networks themselves can be analysed 
in terms of e.g. orientation, aperture, connectivity points of fractures, et cetera (also see Figure 3). 
Furthermore, from a connectivity filtered result (i.e. only fractures that are connected from bottom to 
top of the scanned sample remain; filtering performed in MATLAB©), the so-called effective porosity 
can be extracted. This serves as the input for assessing the permeability. A wide range of modelling 
techniques for permeability is available, but it is difficult to find the most applicable technique. 
Additionally, flow modelling is often computationally expensive. None of our full µCT datasets have 
been processed yet completely for permeability, but several approaches are investigated, including 
finite element methods to directly solve the equations for computational fluid dynamics, as well as 
Lattice Boltzmann simulations. 
 
The results from the µCT data analysis mentioned above are combined with attempted laboratory 
measurements on the samples, as well as larger scale data on the reservoir. Also the analysis of very 
thin slices of rock, called thin sections, is performed by various microscopy techniques. Most are in 
2D, but additionally, 3D analysis on the nanoscale is performed by Focussed Ion Beam - Scanning 
Electron Microscopy (FIB-SEM). The final goal is to obtain an as complete as possible dataset of 
petrophysical and structural properties, for different locations of Hauptdolomit hydrocarbon reservoirs. 
This dataset then covers a range of various scales, with an emphasis on 3D information. 
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5  Conclusions 
Dolomitic rock samples of 3 cm diameter containing narrow fractures are being scanned using X-ray 
Micro-Computed Tomography (µCT). For further analysis, a segmentation routine is required to 
extract the fracture network. Unfortunately, tested available segmentation routines in (geological) 
literature, do not provide satisfying results. We develop a technique termed multiscale Hessian 
filtering, based on the Frangi filter from medical sciences literature, to extract the fractures in the 
datasets. Put simply, the multiscale Hessian filtering uses the eigenvalues from a Hessian matrix 
determination on the original dataset, to extract information about the shape of the local contrast 
changes in the sample. The full analysis uses this data to extract plate-like features from the sample. 
The multiscale Hessian filtering techniques has several advantages: 

• Best results obtained so far for narrow fractures in datasets (especially on fractures with an 
aperture close to the reconstructed voxel size of a dataset). 

• Processing of the dataset in 3D. 
• Works on full µCT datasets on a desktop PC, in a reasonable amount of time. 
• Simple implementation in public domain software (ImageJ + additional plugins). 
• The programmed workflow will be published. 

 
Several disadvantages, that need attention for improvement, are: 

• A choice of suitable kernel sizes is necessary. 
• Final scaling of the data is required but not yet automated. 

 
After proper scanning and an as good as possible multiscale Hessian filtering, the data is further 
processed to obtain for example porosity, fracture orientation and permeability. These parameters, 
combined with smaller and larger scale image and laboratory analyses, using a wide range of different 
techniques, should eventually provide a better view on the hydrocarbon reservoirs the samples are 
taken from. 
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