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Abstract 
X-ray computed tomography (CT) images of rock specimens often contain artifacts which must be corrected before scientific 
analyses are performed. This paper presents a new workflow of automated image processing to utilize poor-quality X-ray CT 
scan images. The workflow runs on the open-source image analysis software and efficiently separates desired features from 
low-contrast scanned images. The new workflow is a two-step technique using contrast enhancement and automated feature 
segmentation to generate noise-free binary images. The results of binary images using the proposed workflow and using 
a conventional thresholding technique are analyzed to show the quality of the proposed method. The paper also presents 
a workflow of estimating the structural geometries of features in two and three dimensions. The results of the structural 
feature analyses and computational time were compared between the open-source (ImageJ) and commercial image analysis 
software (Bruker Computed Tomography Analyzer). The commercial software was more computationally efficient, but the 
task-specific macros in open-source software enabled the user-desired automation in image processing and data extraction 
of desired structural features of comparable quality.
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1 � Introduction 

In recent years, X-ray computed tomography (X-CT) proved 
useful in the three-dimensional imaging and characterization of 
internal rock properties, such as pore network, fracture geom-
etry, and heterogeneous minerals. The quantitative characteriza-
tion of fracture geometry is necessary, as fractures provide natu-
ral passage to fluid flow in low-permeability rock formations. 
The capability of X-CT equipment to scan large core speci-
mens, non-destructively with minimum specimen preparation, 
is also valuable in the core flow experiments [1, 2]. Real-time 
X-CT scanning monitors the in situ physicochemical interac-
tion between internal fractures and fluids like CO2 or brine and 
can be used to determine hydrothermal alteration for rocks 
[3]. Research into geologic carbon storage, multi-phase flow 

through sub-surface rock formations, and petroleum exploita-
tion which requires in-depth investigation of fracture network 
properties also benefit from X-CT scanning.

The industrial X-CT system usually consists of an X-ray 
source, specimen platform, radiation detector, and a com-
puter system to analyze data [4]. During operation, X-ray 
tube emits the X-ray beam, and the detector captures the pro-
jection images (or radiographs) of specimen from different 
angles. Depending upon the configuration, either the speci-
men rotates on the platform or both the source and detec-
tor rotates around the specimen, radiographs are captured 
at desired rotational frequency. The computer system ana-
lyzes the radiographs and reconstruct the grayscale images, 
where different phases of rock composition are identified 
based on the density and atomic number [5]. In the grayscale 
image, low-density area such as voids or fractures appears 
dark, while high-density area such as minerals appears gray 
or brighter in color. The process of classifying grayscale 
image into multiple segments containing voxels of similar 
attributes, such as voids or minerals, is called image seg-
mentation [6].

In this study, a NorthStar Imaging (NSI) M-5000 Indus-
trial CT scanner, located at the National Energy Technology 
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Laboratory (NETL) facility in Morgantown, West Virginia, 
imaged the cylindrical shaped shale specimen. As shown 
in Fig. 1, a sandstone specimen with 4 inches in diameter 
and 12 inches in length is placed on the rotating platform 
between the X-ray source and detector, such that specimen 
rotates 360 degrees, and the detector collected each radio-
graph at 0.25-degree rotation of the specimen. Although the 
methods of collecting X-CT images vary with the manufac-
turer, the new workflow of image processing should work 
for any type of configuration.

Image segmentation can be subjective, and there is no one 
standard segmentation technique to provide suitable results 
for all imaging applications [7]. Global thresholding is the 
most common region-based thresholding technique, which 
works best for images with the objects of uniform intensities 
and distinctive gray value histograms. The desired feature in 
the image is extracted from background by comparing the 
individual pixel value with only one threshold value selected 
for the entire image [8, 9]. Maerz [10] and Reid and Harrison 
[11] applied thresholding algorithms to trace fractures in 
rocks and converted the grayscale images into binary images. 
Although global thresholding is a computationally fast and 
reliable technique, its application fails for the images with 
non-uniform background or low, fuzzy contrast between 
the object and the background. Researchers suggested an 
additional step of pre-processing before applying global 
thresholding technique, such as image smoothing, to segment 
the low-contrast grayscale images. The filters like mean 
or median smoothing sharpen the peaks of the unimodal 
histogram, make it more strongly bimodal, and allow selection 
of threshold for image segmentation [12, 13]. The mean filter 
is a sliding window spatial filter, which replaces the center 
value in the window with the average of all pixel values in 

the window [14]. However, in the median filter, the value 
of center pixel is replaced by the median value of all pixel 
values in the window. Here, the window is usually square of 
N-by-N size; N = 3, 5, 7, etc. In particular, the median filter 
works well for the features like fractures in the image; unlike 
the mean filter, it does not blur the edges of fracture. Other 
segmentation techniques like region growing or edge-based 
segmentation also work well to segment low-contrast regions 
from the background. The technique of region growing 
compares the individual pixel value with a pixel or group 
of pixels (also called seeds) of object of interest and adds 
it to the growing region based on the uniformity test [15]. 
For example, for the comparison of pixel intensity with the 
mean intensity value of object of interest, if difference is less 
than a predefined value, the pixel is included in the region. 
The method works best for the spatially separated regions 
with similar properties. Gouze et al. [16] and Noiriel et al. 
[17] used region growing segmentation method to analyze 
the change in the 3D fracture volume and aperture in rocks 
during the core flow experiments. Wang and Hakami [18] 
suggested one-pass valley-edge detection technique for tracing 
thin fractures in less noisy rock images. In the case of thick 
fractures with high background noise, Wang and Hakami [18] 
suggested the application of multi-resolution technique during 
fracture tracing for improved results. Deng et al. [19] proposed 
an automated image segmentation technique, technique of 
iterative local thresholding to segment and quantify fracture 
geometry in low-contrast X-CT images. The program was 
based on MATLAB, which first improved the contrast 
among void and minerals, and Otsu’s method of thresholding 
converted the grayscale image into binary images. Therefore, 
in the past, several filters and algorithms have been proposed 
to segment the fractures in rock matrix.

In addition to the poor contrast among features of interest, 
X-ray CT image suffers with several artifacts that obscure 
the details of interest. The artifacts are caused by two pri-
mary reasons: problems with CT imaging setup, such as ring 
artifact, and sample dependent, such as beam-hardening arti-
fact [20]. Ring artifacts appear as full or partial circles cen-
tered on the rotational axis, caused by shifts in output from 
individual detector or sets of detectors [21]. In the current 
experimental setup, the dead pixels unaccounted in detec-
tor corrections and calibrations caused the ring artifacts in 
CT image. The recent upgrade in the NSI software algo-
rithm, named as ring reduction, compensates the irregular 
responses of the detector pixels during CT scan and effi-
ciently removes ring artifacts without any additional time 
to a standard scan. However, the beam-hardening artifact 
is more problematic, as its effects can be reduced but not 
always eliminated. The non-uniform attenuation of polychro-
matic incident X-ray beam causes the brighter edges than the 
center of homogenous object, called as beam-hardening arti-
fact [22]. The possible remedial methods range from sample 

Fig. 1   NorthStar Imaging M-5000 Industrial CT scanner: a X-ray 
detector with vertical sandstone core; b X-ray source with vertical 
sandstone core [5]
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and scanning preparation to data processing, for example, 
pre-harden, the X-ray beam by passing it through an attenu-
ating filter, such as flat pieces of copper, brass, or aluminum, 
before or after it passes through scanned object [23]. The 
method is partially effective in removing beam-hardening 
artifact and introduce greater image noise. In current experi-
mental setup, the beam-hardening artifact was corrected dur-
ing CT image reconstruction. The NSI software filters out 
the artifacts due to lower attenuation of edges compared to 
the middle of the object.

In this study, a new image processing workflow is pro-
posed to segment fractures from rock matrix in low-con-
trast, poor-quality X-CT images. The workflow is based 
on the open-source image analysis software, ImageJ [24]. 
A comparison of results of the new method with conven-
tional, region-based thresholding techniques is presented. 
The quantitative results of fracture geometries (aperture and 
length) are also determined. The results of the geometric 
calculations of fractures were compared between ImageJ 
and a commercial image analysis software, Bruker Com-
puted Tomography Analyzer (CTAn) in terms of accuracy 
and the time for computational analysis. Gupta [25] briefly 
explains the application of non-destructive X-ray CT imag-
ing technique in determining the growth of microcracks due 
to constant stress for extended time and correlating it with 
the measured strains in the shale specimen.

2 � X‑ray Computed Tomography (X‑CT) 
Image Processing

In the current study, a NorthStar Imaging M-5000 Industrial 
CT scanner imaged a cylindrical Marcellus shale specimen. 
The shale specimen was 2.1 inches in diameter and 4.2 inches 
in length. Specimen thickness, density, and X-ray attenuation 

influence the ability of X-rays to pass through a sample (i.e., 
the percentage of detector counts around and through the 
sample) [26]. Typically, the penetration values between 10 
and 90% result good scan quality [26]. As the thickness of 
shale specimen was 2.1 inches, the operating condition of 185 
kilovolts and 400 microampere current was found appropri-
ate to enter the specimen. The X-CT scanner captured 1440 
radiographs, which reconstructed the 3-D digital volume of 
the specimen. The voxel resolution of the X-CT images is 
29.9 microns (µm). In this study, four possible methods of 
image segmentation in ImageJ are discussed. The nascent 
grayscale image from X-CT scanner is termed as original 
image, and the fractures are termed as object of interest, and 
the intact rock matrix is termed as background. In the current 
study the original X-CT image was converted from 16 to 8 
bit. However, the workflow of image processing discussed in 
this paper is equally applicable to both types of X-CT images.

2.1 � Case I: Global Thresholding Method on Original 
X‑CT Image

In ImageJ, the plugin Auto Threshold performed the 
global thresholding of an 8 or 16-bit grayscale image. 
As shown in Fig.  2, global thresholding of original 
image generated a montage of binary images of four 
rows by four columns using 16 available algorithms. 
Unlike the ImageJ’s thresholder applet accessed through 
ImageJ > Adjust > Threshold where different thresholding 
algorithms are manually selected, the Auto Threshold 
plugin automatically determined the single threshold value 
for all available algorithms. For example, Mean algorithm 
determined the mean of gray levels as the threshold value 
[27]. The results of global thresholding in Fig. 2b showed 
that only four algorithms, namely, Li, Mean, Otsu, and 
Percentile, showed few fractures in the binary image. The 

Fig. 2   Case I of image segmen-
tation: a original X-CT image; 
b results of global thresholding 
through different algorithms 
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unusual darker region in the middle region of the original 
image in Fig. 2a indicated the presence of beam-hardening 
artifact in X-CT image, which caused the non-segmentation 
of fractures in the binary image.

2.2 � Case II: Adaptive (Local) Thresholding 
on Original X‑CT Image

The global thresholding method does not give good segmen-
tation results in non-uniform background [7]. As the beam-
hardening artifact caused the non-uniform background in 
original X-CT image, in case II, adaptive or local threshold-
ing method was adopted to segment the fractures. The local 
thresholding technique partitions the entire image into sub-
images and determines a threshold for individual subimage 
[8]. In ImageJ, plugin Auto Local Threshold performed the 
adaptive thresholding of original image through nine differ-
ent algorithms. The plugin computed the threshold for each 
pixel within the local domain, identified by the radius of the 
window. Figure 3 shows the result of Auto Local Threshold 
on the original X-CT image. Each of the seven algorithms 

excluding Phansalkar [28] and Sauvola [29] segmented the 
fractures and generated a binary image. Although the texture 
and morphology of fractures were visible, the binary images 
contained a lot of noise. In addition, the result of Contrast 
algorithm suffered with the beam-hardening artifact and 
the fractures in the middle region were still indistinguish-
able. Therefore, the corrections of beam-hardening artifact 
and low-contrast between the object of interest and the 
background were essential pre-processing steps for image 
segmentation.

2.3 � Case III: Adaptive (Local) Thresholding 
on Pre‑processed X‑CT Image

In a homogenous specimen, the beam-hardening artifact 
causes brighter pixels at the edges and darker pixels in 
the middle of the image. The intensity of beam-hardening 
artifact is determined through the variation in the profile 
of gray-scale value (GSV) across the width of the image. 
Figure 4a shows the GSV of original X-CT image across 
the image width. The result showed that the profile of GSV 

Fig. 3   Results of adaptive 
thresholding on original X-CT 
image through different algo-
rithms
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for original X-CT had a cupping artifact, initially decreas-
ing and then increasing with minimum GSV at the mid-
dle pixel of the image [22]. Romano et al. [30] developed 
a plugin for the automated beam-hardening correction in 
X-CT images. The plugin runs on ImageJ software on both 
individual and stack of X-CT images. In the first step of pre-
processing, the plugin corrected the artifact in original X-CT 
image and generated the beam-hardening corrected (B-Hc) 
X-CT image. In Fig. 4b, the profile of GSV for B-Hc X-CT 
image was approximately constant across the image width. 
The comparison showed that the plugin effectively removed 
the cupping artifact from the original X-CT image. In the 
next step, image processing with median filter improved the 
contrast between fractures and intact rock matrix of B-Hc 
X-CT image. Unlike Gaussian filter, the median filter did not 
blur the edges of fractures and improved their visualization.

In ImageJ, the adaptive thresholding algorithm segmented 
the pre-processed X-CT image. The results of image 
segmentation are shown in Fig. 5. Comparing Figs. 3 and 5, 
pre-processing of original X-CT image improved the image 
segmentation. However, Phansalkar and Sauvola algorithm 
did not show any improvement in the image. For example, the 
results of algorithm contrast on original X-CT image suffered 

beam-hardening effect; however, similar algorithm showed all 
fractures in B-Hc X-CT image. Although the quality of image 
segmentation improved through pre-processing, the output 
binary images from adaptive thresholding were not directly 
useable for fracture analysis. The binary images required post-
processing for background noise removal. In addition, binary 
images from each of seven algorithms contained noise in the 
form of rings, which also indicated the presence of ring artifacts 
in B-Hc X-CT images [31].

2.4 � Case IV: Trainable Weka Segmentation 
on Contrast Enhanced X‑CT Image

Case IV involved two steps in the image segmentation. The first 
step was the pre-processing of original X-CT image through 
contrast enhancement for clear visualization of fractures. 
The second step was image segmentation through Trainable 
Weka Segmentation (TWS) algorithm. In the current case, the 
contrast limited adaptive histogram equalization (CLAHE) was 
used for contrast enhancement in original X-CT image. The 
plugin was pre-installed in ImageJ. CLAHE is an improved 
version of adaptive histogram equalization (AHE) method and 
enhances the contrast in the local regions of the image [32]. 

Fig. 4   Comparison of the GSV across the image width: a original X-CT image; b beam-hardening corrected X-CT image
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The improvement in the local contrast showed features, such as 
fractures and ring artifacts in the original X-CT image, as shown 
in Fig. 6. However, unlike other contrast enhancement methods 
such as linear unsharp masking or histogram equalization, 
CLAHE did not amplify the noise or beam-hardening artifact 
in the original image [33, 34].

Once the local contrast of original X-CT image was 
enhanced, the plugin TWS segmented the contrast 
enhanced X-CT image. TWS plugin is a combination of 
a machine learning algorithm and set of selected image 
features, which produces pixel-based segmentation [35]. 
First, the plugin trains an input image and generates an 
image classifier. The training of the input image meant 
differentiating and classifying representative voxels of 
different regions of image into the set of features, such 
as fractures and intact rock. Each set contained gray-level 
information of traced pixels. The biggest advantage of the 
method was that it allowed the user to finely discrimi-
nate different features into different classes by tracing 
a reasonable number of region of interests [36], which 
also improved the accuracy of image classifier. Once the 
image classifier was generated, unsupervised, completely 

automated image segmentation was performed on other 
input images of similar specimen. The result of binary 
image using TWS is shown in Fig. 6. Although the origi-
nal X-CT image contained ring and beam-hardening arti-
facts, the image classifier efficiently segmented all frac-
tures with least possible background noise. Therefore, the 
new workflow of image processing efficiently segmented 
fractures in the original X-CT images.

The comparison of binary-segmented images (with fractures 
in the foreground) showed that case IV was the most useful 
workflow method of image processing among four different 
methods. As ImageJ contained CLAHE and TWS plugins, we 
automated the process of image segmentation through a macro 
(mentioned in Appendix 1). The macro saved contrast enhanced 
and binary-segmented images at different locations with the 
name similar to the original X-CT image. The macro segmented 
the fractures in one image of size 1779 × 1770 pixels in 90 s 
(workstation was equipped with RAM of 128 GB and processor 
of 1.83 GHz). The value of the parameters in CLAHE plugin 
and image classifier in TWS was entirely dependent on the rock 
type and geometry and was based on iterations to get the best 
result. For the purpose of consistency, the current study used 

Fig. 5   Results of adaptive 
thresholding on B-Hc X-CT 
image through different algo-
rithms
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similar values of parameters in both plugins for different image 
stacks of similar type of rock specimens.

3 � Fracture Geometry from Binary X‑CT 
Image

Based upon the length of the rock specimen and voxel reso-
lution, the number of 2-D images in the 3D image stack was 
3855. Figure 7a is an example of a montage of 2-D binary 
X-CT images spaced at 2.97 mm, representing the portion 
of the specimen. It showed the change in the geometry of 
fractures from the top left to the bottom right image. The 
sequential stack of 2-D binary X-CT images evenly spaced 
at 29.7 µm reconstructed the 3-D structure of the fractures in 
the shale specimen, as shown in Fig. 7b. As the X-CT image 
processing and reconstruction showed fracture distribution 

in both 2-D and 3-D coordinate system, the fracture geom-
etry was determined separately in 2-D and 3-D coordinate 
system. The 2-D and 3-D geometry of fractures was sepa-
rately determined from two image analysis software, i.e., 
ImageJ and Bruker CTAn. The comparison of fracture 
geometry and computational time established the time effi-
ciency and accuracy of ImageJ against Bruker CTAn.

3.1 � Two‑Dimensional (2‑D) Fracture Geometry 
in Shale

The two-dimensional fracture geometry included the area, 
aperture, and length. In ImageJ, the function Analyze Particles 
analyzed the binary images, counts, and measures objects and 
determined the area of randomly oriented fractures. Another 
plugin BoneJ > Thickness [37] in ImageJ, which operates on 
the principle of the Local Thickness plugin [38], determined 

Fig. 6   Case IV: new workflow of image processing

Fig. 7   a Montage of 2-D binary 
X-CT image spaced at 2.97 mm; 
b 3-D structure of fractures 
reconstructed from 2-D images 
spaced at 29.7 µm
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the weighted mean aperture (twm) of fractures. According to 
the principle of local thickness, thickness of a point is the 
diameter of the greatest sphere fits within the structure and 
contains the point. Further, plugin Thickness calculated the 
weighted mean and standard deviation of the local thickness 

of the binary object. In ImageJ, the plugin BoneJ > Analyze 
Skeleton calculated the length of fractures [39]. However, 
the operation included an extra step of skeletonizing binary 
X-CT image using plugin Skeletonize 2D. The plugin Analyze 
Skeleton analyzed the skeletonized binary X-CT images and 

Fig. 8   The workflow of data 
extraction and summarizing 
using scripts in ImageJ and 
GNU Octave

Table 1   Average value of 
2-D geometry of fractures 
determined using ImageJ and 
Bruker CTAn

Geometrical parameter ImageJ Bruker CTAn Difference (%) Time (mins)

ImageJ Bruker CTAn

Average cumulative area (mm2) 4.27 4.36  − 2.11 158.62 7.77
Average weighted mean aperture (mm) 0.10 0.08 20
Average cumulative length (mm) 32.23 N/A N/A N/A

Fig. 9   a 3-D distribution of fractures reconstructed from 2-D binary 
X-CT images; b the graph between specimen length and cumulative 
area of fractures using ImageJ; c the graph between specimen length 

and cumulative area of fractures using Bruker CTAn; d the graph 
between specimen length and difference in cumulative area using 
ImageJ and Bruker CTAn
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determined both Euclidean and tortuous length of fractures. 
Each of the three plugins generated a comma-delimited text 
file, which contained the area, weighted mean aperture and 
length of fractures in a binary X-CT image.

As the length of shale specimen was adequate to gener-
ate 3855 two-dimensional images, a macro in ImageJ deter-
mined the 2-D geometry of fractures. The macro (Appen-
dix 2) read the binary X-CT image from input directory 
and saved the comma separated variable (csv) file of area, 
weighted mean aperture, and length of fracture in three 
different output directories. The macro created a csv data 
file numbered equivalent to three times of number of 2-D 
images, approximately 11,565 data files. Unlike the plugin 
Thickness that automatically calculated the weighted mean 
aperture of fractures in the image, the plugins, like Analyze 
Skeleton and Analyze Particles, calculated the length and 

area of individual fractures. Therefore, we required an extra 
step of estimating the sum of area and length of individual 
fractures in the image, called as cumulative area and cumula-
tive length of fractures, respectively.

Another script with.m extension, compatible to run in 
open-source software GNU Octave, was used to calculate 
the cumulative length (lc) and area (ac) of fractures in each 
image. The script also condensed the information of indi-
vidual geometrical parameters from 11,565 files into a single 
file of 2-D fracture geometry. The file contained different 
columns, such as image name, image number, cumulative 
area, weighted mean aperture, and cumulative length of 
fractures. The complete workflow of data extraction using 
ImageJ and summarizing data using Octave is shown in 
Fig. 8 (Appendix 3). The use of macro in data extraction 
through different plugins in ImageJ and the script in GNU 
Octave to generate a single file of 2-D fracture geometry 
automated the process of data extraction using open-source 
software.

In Bruker CTAn, except for cumulative length of frac-
tures, the plugin 2D Analysis determined the cumulative area 
and weighted mean aperture of fractures. The output of the 
plugin contained many more parameters including area and 
aperture. Therefore, similar to the data extraction scheme of 
2-D geometry of fractures in ImageJ, Bruker CTAn gener-
ated a single data file that contained columns, such as image 
name, image number, cumulative area, and weighted mean 
aperture of fractures. The advantage of Bruker CTAn over 
ImageJ was the automated calculation of the cumulative area 
of fractures in an image.

The 2-D geometry of fractures for a complete specimen 
was characterized through the average value of cumulative 
area, weighted mean aperture, and cumulative length (men-
tioned in Eq. 1). In Eq. 1, n represented the total number 
of images. The average values of different parameters from 
ImageJ and Bruker CTAn, the percentage difference between 
the values, and the computational time taken for analysis are 
summarized in Table 1.

Fig. 11   Distribution of 3-D local aperture of fractures using ImageJ
Fig. 10   Three-dimensional structure of fracture regenerated from 2-D 
binary X-CT images
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The scatter plot between the cumulative area of fractures 
and the length of specimen (Fig. 9) was advantageous in 
analyzing the distribution of fracture geometry in the whole 
specimen. The figure included the result of cumulative area 
of fractures from ImageJ and Bruker CTAn and the graph 
of the difference in the values along the length of specimen. 
Figure 9 shows that the cumulative area of fractures gradu-
ally varied along the specimen length, with comparatively 
higher values in the top half length. The reason for sudden 
decrease in the value of cumulative area of fractures at top 
edge was limitation of X-ray CT equipment in visualizing 
fractures at the specimen edge.

3.2 � Three‑Dimensional (3‑D) Geometry of Fractures 
in Shale

In 3-D, the fracture regenerated from 2-D images appeared like a 
rectangular plate with finite length, width, and aperture in three 
mutually perpendicular directions, as shown in Fig. 10. The 
three-dimensional geometry of fractures included the volume, 
aperture, and surface area of the fracture plane. In ImageJ, the 
plugin BoneJ > Volume Fraction determined the 3-D volume 
of fractures. The plugin analyzed the sequential stack of 2-D 
binary X-CT images and calculated the volume of fractures 
through a voxel-based method. In ImageJ, the 3-D aperture of 
fractures was determined through the plugin BoneJ > Thickness. 
The plugin Thickness analyzed the complete stack of 2-D binary 
images, and similar to the 2-D aperture, it determined the local 
thickness of the fractures. Further, it calculated the overall 3-D 
aperture as the weighted mean value of local thickness. The 
distribution of local aperture of the fractures is shown in Fig. 11. 
The last 3-D geometrical parameter was surface area of fracture 
plane. In ImageJ, plugin BoneJ > Isosurface calculated the area 
of a 3-D object [40]. The algorithm of marching cubes in plugin 
Isosurface generated a triangular surface mesh around the binary 
object (fractures) and determined the surface area as sum of the 
areas of triangle making up the mesh. The results for 3-D geo-
metrical parameters using ImageJ and time taken for the analysis 
are summarized in Table 2.

(1)

Average ac =

∑n

i=1
aci

n

Average twm =

∑n

i=1
twmi

n

Average lc =

∑n

i=1
lci

n

In Bruker CTAn, the plugin 3D Analysis determined the 
3-D geometrical parameters of fractures. The analysis of 
plugin 3D Analysis on the stack of 2-D binary X-CT images 
determined the volume, weighted mean aperture, and surface 
area of fractures. The results of 3D geometry of fractures 
and time taken for analysis using Bruker CTAn are sum-
marized in Table 2.

4 � Discussion and Conclusions

In the current study, several methods of image processing in 
ImageJ were compared to segment fractures from low-con-
trast X-CT images, with beam-hardening and ring artifacts. 
Although the magnification of X-ray CT image wasn’t suffi-
cient to delineate the grain boundary or pores in the analyzed 
shale specimen, the low-density area such as fracture was 
distinguishable from minerals to the resolution of 29.9 µm. 
Higher magnification X-ray CT image was only possible 
if the scanned volume was smaller than the NX size core 
specimen (i.e., 2 inch in diameter and 4 inch in length). As 
the tested specimens of Marcellus shale were retrieved from 
the outcrop, the analyzed samples didn’t contain the organic 
compound, such as kerogen, which is tightly bound with het-
erogenous mineral matrix [41], rather rich in calcite mineral 
[25]. The current study presented that, in the open-source 
software ImageJ, the process of local contrast enhancement 
using plugin CLAHE, followed by the automated fracture 
segmentation using plugin TWS, can provide efficient image 
segmentation on the X-ray CT image with inherent artifacts 
compared to the conventional thresholding techniques. 
The study also presented that the application of a macro 
in ImageJ expedited and automated the process of image 
segmentation. In addition, both ImageJ and Bruker CTAn 
software produced comparable results on the geometry of 
fractures in two and three dimensions. Unlike in Bruker 
CTAn, the process of data extraction was computationally 
intensive in ImageJ. However, ImageJ accurately determined 
each geometrical feature including the 2-D fracture length 
and surface area of fracture plane. Therefore, the current 
study presented that the open-source image analysis software 
can efficiently process and analyze X-ray CT images with 
user-desired automation. In addition, another open-source 
software GNU Octave efficiently summarized the 2-D frac-
ture geometry in a user-friendly format.

Table 2   Results of 3-D 
geometry of fractures using 
ImageJ and Bruker CTAn

Geometrical parameter ImageJ Bruker CTAn Difference (%) Time (mins)

ImageJ Bruker CTAn

3-D fracture volume (mm3) 491.89 481.77 2.06 0.5 8.1
3-D aperture (mm) 0.123 0.125  − 1.63 37.8
Surface area of fracture (mm2) 13,656.13 13,727  − 0.52 30
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Appendix 1

Macro to enhance contrast and segment fractures: case IV.
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Appendix 2

Macro for calculating area, weighted mean aperture, and 
length of fractures of individual 2-D image in ImageJ.
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Appendix 3

Script to summarize 2-D fracture geometry in GNU Octave.
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