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The characterization of pore structure in rocks is relevant in determining their various mechanical behaviors. Digital image pro-

cessing methods integrated with fractal theory were applied to analyze images of rock slices obtained from industry CT, elucidat-

ing the characteristics of rock pore structure and the relationship between porosity and fractal dimensions. The gray values of 

pixels in CT images of rocks provide comprehensive results with respect to the attenuation coefficients of various materials in 

corresponding rock elements, and these values also reflect the effect of rock porosity at various scales. A segmentation threshold 

can be determined by inverse analysis based on the pore ratios that are measured experimentally, and subsequently binary images 

of rock pores can be obtained to study their topological structures. The fractal dimension of rock pore structure increases with an 

increase in rock pore ratio, and fractal dimensions might differ even if pore ratios are the same. The more complex the structure of 

a rock, the larger the fractal dimension becomes. The experimental studies have validated that fractal dimension calculated direct-

ly from gray CT images of rocks can give an effective complementary parameter to use alongside pore ratios and they can suitably 

represent the fractal characteristics of rock pores. 
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As complex geological materials, rocks have discontinuous, 

non-homogeneous, multi-phase composite structures. Many 

irregular pores occur at different scales that affect the phys-

ical, mechanical and chemical properties of rock materials; 

such as strength, elastic modulus, permeability, conductivity, 

wave velocity, particle surface adsorption, and the capacity 

of a rock reservoir. A significant problem in petroleum ex-

ploration, mining, metallurgy, civil and hydraulic engineer-

ing is how to understand and quantitatively characterize the 

evolution of pore structures in rock materials. Thus far, 

more than 30 kinds of parameters have been proposed to 

describe rock pore structures [1,2]; these include density or 

volume fraction of pores (poreratio), pore size and its dis-

tribution, and specific surface area. These parameters main-

ly characterize the average pore structure from a macro-

scopic view. Pore ratio is the most readily available basic 

parameter, the effect of which is far greater than all the oth-

er factors; therefore, studies related to pore ratios are the 

most common. Determining pore ratios involves use of mi-

croscopic image analysis, weighing method, immersion 

method and mercury, which have been discussed in detail 

elsewhere [1,3]. Because pore structures in rocks are very 

complex [4–6], advanced measurement techniques have 

gradually been introduced to describe pore structures at dif-

ferent scales [7]. Pore morphology and microstructure in 

rocks can be observed and analyzed over different magnifi-

cations using optical or scanning electron microscopy. 

X-ray fluoroscopy methods also have been adopted to ob-

serve internal rock structures. A more effective method is 

Computerized Tomography (CT) by which the density dis-

tribution inside materials can be detected. In addition, ul-

trasound or MRI has been proposed by some researchers. 
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The measured results from various experimental testing 

methods are usually different. However, there should be 

some relationships among these different results because 

any measured result is just a particular description of pore 

structures from a certain perspective. 

Since the invention of medical X-ray CT, the inner   

defects and structures of materials have been detected 

widely by CT scanning. In the late 1980s, medical and  

industrial CT was used to observe the internal structure of 

rocks. Raynaud et al. [8] obtained CT sliced images of ho-

mogeneous gypsum, granite, sandstone, dolomite and other 

rock samples using a medical CT, and the inner fractures in 

rocks can be observed clearly from such images. Buyu-

kozturk [9] obtained clear CT images of stones, mortars and 

vugs in concrete specimens. In the early 1990s, the internal 

structure of frozen soils was detected by a medical CT, and 

the mechanism of frozen soil creep was studied [10]. Yang 

et al. [11,12] were the first to employ this medical CT ma-

chine to observe changes in rock microstructure after com-

pression, which constituted the initial application of a re-

al-time CT observation for rocks. In 1999, Ge et al. [13,14] 

designed a special static loading device integrated with 

medical CT and successfully solved the problem of re-

al-time scanning by CT during the loading process, which is 

called dynamic CT testing. Since then, many researchers 

[15–19] have studied the mesoscopic mechanical behavior 

of rocks under different loading conditions by means of 

XCT. The size of CT number and its distribution were stud-

ied and the relationship between CT number and rock dam-

age was discussed. Hence steady progress has been made in 

two areas, specifically the mechanism of evolving defects or 

cracks and the elucidation of damage constitutive relation-

ships. Ju et al. [20–22] investigated the geometric features 

and distribution properties of pores in rocks by means of CT 

scanning tests of sandstone and foam concrete, and then 

constructed a statistical model of rock pore structure that 

was used in numerical simulation by finite-element software. 

The results indicated the important role of CT technology 

for researching microscopic damage of rock materials. 

However, some shortcomings of current testing techniques 

also have gradually been revealed over time. On the one 

hand, there has been much interest in how to improve the 

resolution of CT images and imaging speed. Because many 

fine defects in rock materials need to be detected by high 

resolution equipment, CT systems with micro- and even 

nano-focus have been proposed to allow rapid scanning and 

reconstruction. Furthermore, the algorithm for reconstruc-

tion and post-image processing has been improved to reduce 

artifacts and noise. On the other hand, researchers are   

currently trying to extract common problems from a   

large number of experiments to establish controllable dam-

age models to predict damage behavior of rock materials 

instead of only passively describing the product of damage 

to rock materials. Thus, an urgent requirement is to 

strengthen the identification and statistical analysis of CT 

images so that a pore structure model of rock materials may 

be built in which several parameters can be controlled and 

used to reflect the characteristics of the pore structures    

in rocks. 

Fractal theory proposed by Mandelbrot provides a scien-

tific means to describe irregular pore distribution in rocks. 

Xie first introduced fractal theory into the study of rock 

mechanics in China [23,24]. Since then many scholars have 

studied the fractal characteristics of pore structure in rocks. 

It has been demonstrated by many studies that the pore dis-

tribution in rocks is statistically self-similar and fractal di-

mensions have been introduced to describe the fractal char-

acteristics of pore distribution. Yang et al. [25] produced a 

fractal model of soil using the weight distribution of parti-

cles instead of their size distribution. He et al. [26] calcu-

lated the fractal dimension of pores in reservoir rocks ac-

cording to the expression of capillary pressure and a J func-

tion curve. Li et al. [27] calculated the fractal dimension of 

cracks during rock failure by counting the box dimension 

and then evaluated the relationships among fractal dimen-

sion, rock composition and stress state. Lian et al. [28] pro-

posed to evaluate rockmass quality by using fractal dimen-

sions to avoid most of the shortcomings of the Rock Quality 

Designation (RQD). Xue et al. [29] studied multifractal 

characteristics of pores in soil based on experimental data 

measured by mercury intrusion methods. Fang et al. [30] 

calculated the fractal dimension according to different mod-

el based on nitrogen adsorption and desorption experiments. 

Zhou et al. [31] quantified the complexity of the flow 

boundary by introducing the fractal dimension of boundary 

shape. Zhang et al. [32] and Tao et al. [33] proposed fractal 

models of pore volume fraction, particle volume fraction 

and size distribution of pores or particles based on the mod-

els of the Sierpinski gasket and Menger sponge. They vali-

dated these models by SEM testing of soils. The calculation 

of fractal dimension also has been used to analyze CT im-

ages of rocks; however, almost all the analyses and calcula-

tions are based on the binarization of CT images from gray 

images to binary images [34–39]. For rocks with simple 

large pores it is easy to obtain available binary images by 

approaches such as threshold segmentation or edge detec-

tion, and the error caused by this binarization process is 

negligible. However, for rocks with complex pore structures, 

some fine pores might be lost to consideration of the sub-

sequent calculations of fractal dimension. If the fractal di-

mension can be calculated directly according to gray CT 

images, such errors could be avoided and the calculation 

process could be simplified. The natural characteristics of 

gray CT images for rocks and the fractal characteristics of 

pore structure in rocks are therefore studied in this paper. A 

method to calculate the fractal dimension of pore structures 

directly from gray CT images is discussed and validated to 

better characterize the fractal pore structure. 
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1  Mechanism of CT scanning and test results 

1.1  Test equipment and samples 

CT is an abbreviation for Computerized Tomography, 

which is usually actualized by penetrating sections of sam-

ples with X-rays and rotating the samples according a cer-

tain interval. The intensity of X-rays that have penetrated 

the sample are measured by the detector and, at the same 

time, the scanning movements of the X-ray source, the de-

tector and the sample are controlled by the system so that 

the information required for reconstructing slice images is 

acquired. Certain algorithms are adopted to analyze these 

data and thus a series of image slices are reconstructed. 

Figure 1 shows a typical CT system. Because the entire 

process, from scanning to reconstructing of images, is con-

trolled by a computer and all the data calculations are made 

with a computer, such methods are called Computerized 

Tomography. Based on differences in scanning movement, 

five generations of CT systems have been developed and 

scanning velocity has become higher and higher. The 3rd 

generation of scanning (TR) and the 4th generation of scan-

ning (RO) are commonly employed in present industrial CT 

systems; the algorithms of parallel-beam reconstruction and 

fan-beam reconstruction have correspondingly been adopted. 

Chinese research related to CT scanning of rocks has 

mainly been accomplished at the State Key Laboratory of 

Frozen Soil Engineering in Lanzhou since the 1990s. The 

equipment constitutes a medical SOMTOM-plus CT scan-

ner, with spatial resolution of 0.35 mm × 0.35 mm and a 

minimum slice height of 1 mm. To improve the scanning 

precision further, an ACTIS micro focus industrial XCT 

was introduced at the Geological Scientific Research Insti-

tute of Shengli Petroleum Administrative Bureau in 

Dongying, and a CT225kVFCB micro-CT experimental 

system was co-designed by Taiyuan University of Tech-

nology and Applied Electronics Institute of Academy of 

Engineering Physics of China, through which pores and 

cracks on the scale of microns may be distinguished. Figure 

2 shows a High Resolution Industry CT Real-time Imaging 

System (ACTIS300-320/225CT/DR) that was co-designed 

by the State Key Laboratory of Coal Resources and Safety 

Mining of China University of Mining & Technology (Bei-

jing) and American Bio-Imaging Research (BIR) Inc. Using 

this system, 16-bits images of CT slices could be obtained 

by quick scanning with resolution at a micron scale. For a 

sample with the diameter of 25 mm, about 50 s was required 

to complete a scan and reconstruct a 16-bit gray image with 

1024×1024 pixels based on 1440 views; both the resolution 

in the slice plane and the resolution along the slice height 

reached about 10 μm. Our tests were conducted using this 

system. 

 

 

Figure 1  A typical CT system. 

 

Figure 2  High Resolution Industry CT Real-time Imaging System (ACTIS300-320/225CT/DR). 
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For a given CT system, the scanning resolution is 

strongly related to the sample size. Trying to reduce the 

sample size as much as possible is helpful for increasing the 

resolution of the final scanned images. According to fea-

tures of the CT testing system and the specifications of most 

rock samples for testing in the laboratory, the rock sample 

size was determined as a cylinder with a diameter of 25 mm 

and height of 50 mm. To compare fractal characteristics of 

the pore structure among various rock types with different 

pore ratios, nine kinds of rock samples were considered in 

the test: basalt, salt rock, coal, mudstone, sandstone, gyp-

sum, oil shale, corundum and concrete. After coring, sam-

ples were polished so that their two ends were parallel to 

one another and vertical to the central axes of the samples. 

This ensured that a series of slices could be obtained as sta-

ble concentric disks when samples were placed on a turnta-

ble. 

1.2  Mechanism of CT scanning and imaging 

When X-rays with certain energy pass through samples, 

because of the photoelectric effect, Compton effect, electron 

pair effects, Rayleigh scattering, and other complex physi-

cal processes, some rays are reflected, scattered or absorbed 

by samples so that the intensity of X-rays penetrating the 

samples decreases. The intensity of monoenergetic X-Rays 

with narrow spectra before and after passing through ho-

mogeneous materials agrees with Lambert-Beer’s law de-

scribed as 

 0
e xI I   , (1) 

where I0 is the intensity of incoming X-rays, I is the inten-

sity of penetrated X-rays, ∆x is the height of samples along 

the forward direction of X-rays, μ is the linear attenuation 

coefficient of materials which changes with variation in 

energy E of X-rays and the physical properties of the tested 

materials. When the voltage is less than 200 kV, the linear 

attenuation coefficient depends mainly on Compton scat-

tering and photoelectric absorption, which can be deter-

mined by the following equation [40]: 
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where ρ is the density of material, Z is the atomic number, a 

is the Kline-Nishina coefficient, b is taken as 9.8×10-24, and 

E is the energy of X-ray particles (keV). If the material in 

the XY plane is uneven, the attenuation coefficient can be 

expressed as μ(x, y, E, Z, ρ), which reflects the combined 

results of a series of interactions between X-rays and mate-

rials. Thus the total attenuation along a path L in a certain 

direction is 
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This equation is the projection formula of X-rays in 

which p is designated as the projection of X-rays after 

passing through a material. Thereby the integrand function 

μ can be solved by a series of projections p, and accordingly 

the distribution of attenuation coefficients in the XY plane 

can be obtained. Such a solving process is indeed the prin-

ciple of image reconstruction utilized by CT. When the ma-

terial in the XY plane is divided into N×N small cells, the 

attenuation coefficient of each cell can be calculated via the 

N
2 times independent measurements. The calculated value 

of the attenuation coefficient also approximately corre-

sponds to the density of each cell. With medical CTs, a def-

inition of CT number is introduced to describe the attenua-

tion coefficient of human tissue relative to the attenuation 

coefficient of water. CT number is also known as the 

Hounsfied number, which is defined as 

 1000w

w

 



 , (4) 

where μw is the attenuation coefficient of water. 

A CT image can be obtained by mapping the attenuation 

coefficient or the CT number of the material cell to the gray 

value of each pixel by a certain proportional relation. Be-

cause of the effects of quantum statistical laws, partial 

volume effects, X-ray hardening, multi spectral effects and 

other factors, certain calibrations are required to ensure that 

the gray value of pixels in CT images correspond well to the 

density of the material cell. Because rocks are composed of 

several types of minerals with various structures, the density 

of every portion of a rock is different and thus the gray val-

ue of CT images of rocks are diverse in different regions. 

Generally black pixels in CT images indicate objects with 

lower density, while white indicates high density. The vari-

ation of pixel gray from black to white reflects the change 

of density of the rock cell. 

1.3  CT sliced images of rock samples 

Taking into account the statistical nature of sample slices, 

only the middle 10 mm of samples were scanned. The size 

of scanning view field is 27 mm, and the size of corre-

sponding sliced images is 1024×1024 pixels. Thus the reso-

lution for each pixel is 26 μm. Samples were scanned to 

obtain a slice layer at 1 mm intervals along the specimen 

height, and thus 10 sliced images were obtained for each 

sample. Figure 3 shows one layer of slice images for several 

kinds of samples. The gray value of each pixel in the CT 

sliced images reflects the density of the corresponding posi-

tion. The initial CT slice image is a 16-bit Tiff image and 

hence has relatively high resolution. However, because of 

sample density are usually limited to a certain degree and 

mainly concentrated in low-density regions, the initial im-

age slice represents low brightness and minimal contrast. 

A histogram of initial CT sliced images was introduced 

to analyze the distribution of gray for every pixel. The col-

ors in the four corners of the initial images are directly as-

signed as black or white when reconstructing images; hence,  
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Figure 3  Initial CT sliced images of various rock samples. 

they are irrelevant to the scanned object and should be 

omitted when counting gray values. Only the central circu-

lar regions of images constitute meaningful data and need to 

be counted. Furthermore, the edge region of images could 

be excised to facilitate subsequent image analysis because 

the statistics of the data slices should be taken into account. 

Therefore, only the central rectangular regions of rock core 

samples were statistically analyzed. It is also helpful to 

eliminate the effect of false images in edges produced by 

scanning. Figure 4(a) and (c) show the histogram of the 

initial slice data based on counting the central 512×512 pix-

el region of the initial 16-bit Tiff images for coal and con-

crete samples. It can be seen that the gray value is limited to 

avery narrow range. Results from other samples also are 

similar to this case. Because only 8-bit gray images can be 

directly recognized and displayed in current computer sys-

tems, a kind of mapping operation from 16-bit to 8-bit gray 

level is required to display gray images of CT slices. The 

usual linear mapping as shown in Figure 5(a) cannot effec-

tively represent the variation in initial gray value. A subsec-

tion mapping operation was proposed to enhance image 

contrast to facilitate observation. Figure 4(b) and (d) show 

the histogram for 8-bit CT images after conducting subsec-

tion gray mapping, and the corresponding CT images are 

shown in Figure 6. Comparing Figures 3 and 6, it can be 

seen that the image contrast is effectively improved after 

subsection gray mapping, and thus the internal pore struc-

ture of various rock samples was presented visually. 

2  Analysis of rock pore ratio based on binary 

images of CT slices 

The density of a rock cell is decreased if there are some 

pores in the rock cell, such that the color of the pixels that 

correspond to the rock cell containing pores would be dark-

er than that with no pores. As mentioned previously, the 

attenuation coefficient of rock cells corresponding to te pix-

els depends not only on the density and other physical 

properties of the rock material, but also on a series of inter-

actions between X-rays and rock materials. Especially with 

an industrial CT scan, both the voltage and current of the 

X-ray source should be adjusted according to the density 

and size of the samples. As well, detection results are often 

not strictly calibrated. Therefore the gray values in CT 

sliced data can only indicate the differences in density, and 

the absolute magnitude of the gray values has no strict physi-

cal meaning. It is difficult to determine the kind of material 

that is represented by the pixel simply by comparing 

 

 

Figure 4  Histograms of initial 16-bit CT slice data and mapped 8-bit CT images. (a) Histogram of initial 16-bits coal slice; (b) histogram of mapped 8-bits 

coal image; (c) histogram of initial 16-bits concrete slice; (d) histogram of mapped 8-bits concrete image. 
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Figure 5  Mapping from 16-bit gray to 8-bit gray. 

 

Figure 6  CT images of various rock samples after contrast enhancement. 

the gray value of each pixel. In addition, when the pixel 

resolution is too large, the corresponding rock cells might 

contain various minerals and void. Therefore, the corre-

sponding attenuation coefficient of these rock cells should 

be the comprehensive reflection of all attenuation coeffi-

cients of various substances in the rock cells. It means that 

the gray value of pixels in CT images is usually the average 

reflection of the densities of all substances in the corre-

sponding rock cell under certain scanning conditions. To 

analyze the pore structure of rocks, several types of methods 

based on image analysis and processing have been utilized, 

such as threshold segmentation, edge detection, morpho-

logical operations (opening, closing, erosion and dilation), 

and spectral identification. Thus, some binary images were 

extracted to describe the pore structure. 

Based on binary images of rock pore structures, pore ra-

tios can be calculated and the pore topology can be quanti-

tatively characterized. In fact, the advantage of CT scanning 

is in revealing the inner topological structure of rock pores, 

such as pore size, pore location distribution and pore con-

nectivity, whereas traditional tests can only determine the 

value of pore ratios under specific test conditions. It should 

be more effective for analyzing characteristics of rock pore 

structures to integrate the CT scanning test and the tradi-

tional porosity measuring test. A consideration of the tradi-

tional porosity measuring test is also helpful to simplify the 

complex image processing. The pore ratio is a simple bridge 

between these two kinds of methods. The value of the pore 

ratio calculated based on CT images should be equal or 

equivalent to that measured from traditional tests. 

Among the various approaches to extract binary images 

of pore structures, threshold segmentation is a simple and 

effective method. Although the gray value of pores in a CT 

image is always taken as the smallest one, it is difficult to 

determine the threshold of the pore gray value because there 

will usually exist some pores the size of which are less than 

the pixel resolution, and noise cannot be avoided when 

scanning and reconstructing. Some CT images of rocks 

have a histogram similar to Figure 4(c), which indicates the 

characteristic of two peaks, and thus a particular threshold 

segmentation algorithm could be introduced for these cases 

so that better results could be obtained. However, these 

cases only result where there are many large pores in rocks. 

Under these conditions, the density of rock cells approxi-

mates the density of the rock matrix or the density of pores, 

and thus its distribution has two peaks. In most cases, the 

internal pore structure of the rock is very complicated and 

thus the histogram of CT images of rocks cannot process the 

characteristics of two peaks, similar to in Figure 4(a). For 

these cases it is challenging to determine the segmentation 

threshold directly based on histograms of gray value. 

Figure 7 shows pore ratio curves calculated at different 

thresholds. Correspondingly, the binary images of pore 

structure obtained by segmentation at the different thresh-

olds are shown in Figure 8. If a low threshold is chosen, the 

pores cannot be fully extracted and thus the calculated pore 

ratio is relatively small. If a higher threshold is chosen, 

some parts of the rock matrix would be extracted and thus 

the calculated pore ratio is relatively large. The pore ratios 

measured through traditional permeability tests are: 26% for 

mudstone, 27% for artificial corundum, 28% for foam con-

crete. Figure 8 shows that the binary images obtained by 

segmentation at the threshold corresponding to these pore 

ratio are satisfactory. Therefore, the segmentation threshold 

should be determined by inverse analysis based on the pore 

ratio that is measured experimentally, and then used to 

segment CT sliced images for obtaining binary images of 

pore structure as shown in Figure 9. To further improve 

accuracy, statistics should be used that are appropriate for 

multi-layer slices; i.e., all the pixels that represent gray val-

ues should be counted if they are less than the given thresh-

old in all layers of slices. 

3  Fractal characteristics of rock pores and cal-

culation of fractal dimensions 

It has been demonstrated in many studies that pore structure  
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Figure 7  Rock pore ratio under different partition thresholds. 

 

Figure 8  Binary images of rock pores under different threshold parti-

tions. 

in rocks has fractal characteristics and contains a certain 

self-similarity. When the pores in rocks were observed un-

der different magnifications, both distribution of the relative 

size of pores and distribution of the relative location of 

pores was statistically consistent. The calculation of rock 

pore ratios is strongly related to the range of pore sizes. As 

more and more micro-pores are considered, the calculated 

values of the pore ratios also will increase. If only pores 

with sizes larger than a certain value are considered, the 

calculated value of the pore ratio will be decreased. There-

fore, the characteristics of pore structure in rocks cannot be 

fully described only using pore ratio and the distribution of 

pore size. The fractal characteristics of pore structure in 

rocks should be described by fractal dimensions of pore 

structure, which can be calculated based on CT images by 

counting box dimensions. Nowadays the calculation of 

fractal dimension for digital images is mainly focused on 

the analysis of binary images, which requires pretreatment 

of CT images by a particular binarization approach. Alt-

hough such an approach is helpful to extract the pore struc-

ture from CT images, the selection of binarization ap-

proaches is likely to affect image analysis and processing, 

and sometimes might result in losing finely detailed infor-

mation in some proportion of images. As mentioned previ-

ously, the gray value in CT images reflects specific infor-

mation, and thus different binarization approaches will 

produce different mesoscopic structures (e.g. holes, cracks), 

with distinct fractal dimensions. In the following section the 

methods to calculate the fractal dimensions of images is 

first discussed, and then binary images and gray images are 

studied to calculate their fractal dimensions. 

3.1  Calculation of fractal dimensions based on images 

Describing the fractal dimensions of research objects main-

ly depends on the characteristics of research objects and the 

aims of the research. Physical fractals in nature usually 

manifest randomly within some range of scales; i.e., fractal 

characteristics are shown only in the specific size region 

from the viewpoint of statistics. Therefore, fractal dimen-

sions are defined as different formulae [24], including 

Hausdorff dimension DH, information dimension Di, similar 

dimension Ds, correlation dimension Dg, capacity dimension 

Dc, spectral dimension and Lyapunov dimension Dl. Dif-

ferent definitions can be adapted to calculate fractal dimen-

sions of different research objects. The counting box di-

mension (CBD) is widely used because its mathematical 

calculation is relatively simple and it has intuitive physical 

meaning. 

The color mode of images should be considered when we 

are selecting a specific algorithm to calculate the fractal 

dimension of images [41,42]. The color for a binary CT 

image has only two kinds of value (usually 0 or 1), and thus 

the calculation of dimensions could be achieved in a two 

dimensional plane. A gray CT image could be regarded as 

three dimensional space {(x, y, z)}, where x, y indicate the 

position of the pixel in the image plane, and z represents the 

gray value of the pixel. Hence the gray value of the image 

produces a rough surface, and thus the calculation of di-

mensions could be achieved based on tridimensional box 

covering methods in this three dimensional space. 

Binary CT images with the size of M×M pixels will be 

considered subsequently in which black pixels with a gray 

value of 0 indicate pores. The image is divided into a series 

of grids with an edge length of δk and then the number Nδk 

of grids containing black pixels is counted. When 0
k

  , 

we can obtain lg lg(1/ )
k B

N δ D  . Thus for a descend-

ing sequence {δk}, the data pair (-lgδk, lgNδk) can be fitted 

by the least squares method in logarithmic coordinates. If 

the correlation coefficient is large enough, the slope be-

comes just the approximation of the fractal dimension. The 

decreasing sequence is usually selected by dichotomy 

method, i.e. {M, M/2, M/4, M/8, M/16, ···}. 

For a gray CT image with a size of an M×M pixel with 

gray level 16 (i.e. gray value can vary from 0 to 65535), a 
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series of box with a bottom edge length of δk×δk and a 

height of Hk should be taken to cover the image. The de-

creasing sequence is usually selected by dichotomy method, 

and the corresponding box height should be calculated ac-

cording the gray level as 

 
max

k

k
H I

M


  . (5) 

For a certain box with a different size of δk×δk×Hk, the 

number Nδk of boxes that can cover all the pores in the im-

ages is different. Considering the relativity of the gray value 

in CT images, only the spatial surface corresponding to the 

gray of all pixels should be covered by the boxes, so 
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where I(i,j) indicate the set of gray value of all pixels in the 

nth grid corresponding to the size of δk. The data pair (-lgδk, 

lgNδk) in the non-scale region can be linearly fitted by the 

least squares method in logarithmic coordinates and thus a 

linear equation can be determined as 

 lg ( lg )
k k

N a δ b     , (7) 

in which slope a is the fractal dimension DCB of pore images.  

3.2  Fractal dimension of rock pores based on binary 

images of CT slices 

The fractal dimension calculated from binary images of CT 

slices is shown in Figure 9. Results shown in Figure 9 indi-

cate that the correlation coefficients are generally larger 

than 0.99; therefore, the calculated fractal dimension is val-

id. The pore ratio of basalt samples is close to 0, and thus 

the corresponding binary image is a pure white image with 

fractal dimension of 0 and is not listed in Figure 9. 

The pore ratios of salt rock samples and coal samples are 

lower, less than 1%, and the calculated fractal dimension is 

less than 1. This indicates that the pores in the salt rock and 

coal contain micro-holes isolated for each other. 

The pore ratio of sandstone and oil shale samples are al-

most equal, at about 15%. However, their fractal dimen-

sions are distinct. The fractal dimension of sandstone sam-

ples is 1.75, while the fractal dimension of oil shale samples 

is 1.66. Therefore, the pore structure in sandstone is more 

complex than that in oil shale, as shown in Figures 6 and 9. 

There are many large pores and a few small pores in oil 

shale, while there are a few large pores and many fine pores 

in sandstone. 

The pore ratios of mudstone, gypsum, corundum and 

foam concrete samples are almost equal, at about 27%, but 

their fractal dimensions are different. The fractal dimension 

of mudstone and gypsum samples is 1.85, corundum sam-

ples 1.81, and foam concrete samples 1.76. Images in Fig-

ures 6 and 9 show that the pores in mudstone and gypsum 

are more complex than those in corundum, which in turn are 

more complex than pores in foam concrete. 

The fractal dimension of pore images can be well de-

scribed by calculating binary images of CT slices, but the 

results of the calculations depend strongly on the segmenta-

tion threshold of binarization approaches. As shown in Fig-

ure 8, the binary images obtained according to different 

segmentation thresholds are dissimilar, and therefore both 

the pore ratio and the fractal dimension calculated from the 

binary images are distinct, as listed in Table 1. 

The results show that the fractal dimension of pore 

structures would increase with increasing pore ratio, and 

furthermore the fractal dimension of pore structures might 

be distinct even if the pore ratio is equal. The more complex 

the pore structure, the greater its fractal dimension. There-

fore, pore structure can be well characterized by fractal di-

mension. Especially for pore structures with the same pore 

ratio, the fractal dimension could effectively characterize 

their differing complexity. 

3.3  Fractal dimension of rock pores based on gray im-

ages of CT slices 

To eliminate the effect of binarization approaches on the 

calculation of fractal dimensions, gray CT images were di-

rectly utilized to calculate fractal dimensions, as shown in 

Figure 10. It is evident from the results shown in Figure 10 

that the correlation coefficients are larger than 0.99, thus the 

calculated fractal dimension is valid. 

Results of calculations directly from gray images show 

that the fractal dimension of basalt, rock salt and coal sam-

ples are relatively larger, which is different from the results 

of calculation from binary images. This is caused by the fact 

that many pixels cannot be extracted in binarization ap-

proaches and only a few pores with relatively large sizes 

can be considered. Such a process is available only when 

pores smaller than micron scale can be neglected. In fact, 

rocks usually contain a large numbers of micro-pores 

smaller than micron scale, which cannot easily be measured 

by traditional test methods. Therefore the pore ratios meas-

ured in the present test were very low and only a few large 

pores were extracted by binarization approaches based on 

inverse analysis. However, the density of the rock cells con-

taining these pores would represent infinitesimal changes, 

which can only be detected by CT and reflected in gray 

Table 1  Porosity and fractal dimension of rock pores under different 

segmentation thresholds 

Mud Corundum Concrete 

Pore ratio 

(%) 

Fractal 

dimension 

Pore ratio 

(%) 

Fractal 

dimension 

Pore ratio 

(%) 

Fractal 

dimension 

0.98 1.350 0.95 1.167 1.49 1.287 

8.01 1.775 4.89 1.489 12.36 1.602 

26.62 1.847 27.85 1.809 28.58 1.762 

62.59 1.954 66.03 1.944 66.93 1.953 
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Figure 9  Fractal dimension of binary CT images. 

CT images by the differences in pixel grays. Different pore 

distributions can produce different density changes that are 

represented by different gray values in gray CT images. 

Therefore, the fractal dimensions calculated from gray CT 

images are larger, which reflects the complex, fine pore 

structures in basalt, salt rock and coal. Of course, the noise 

introduced by CT scanning and reconstruction also can af-

fect the results. This is especially the case when the images 

are flat, but accompanied by much random noise; hence, the 

calculated results might be a little larger. Hence, a process 

of noise reduction for CT images should be adopted before 

making calculations. Results show that the fractal dimen 
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Figure 10  Fractal dimensions of gray CT images. 

sion of coal is larger than that of salt rock, and the fractal 

dimension of salt rock is larger than that of basalt. This in-

dicates that the fine pores in coal and salt rock are more 

complex than in basalt, something that can be verified by 

other experiments. 

The fractal dimensions calculated from gray CT images 

of other rock samples are basically consistent with results 

from the corresponding binary images. The fractal dimen-

sion of gypsum and mudstone is greater because of a more 

complex pore structure across a variety of sizes. The fractal 

dimension of sandstone, corundum and foam concrete is 

moderate because of their relatively simple pore structure, 

which mainly contains some large pores and a few small 

gaps. The fractal dimension of oil shale is low because of a 

relatively simple pore structure which mainly contains some 

larger pores. 

It has been demonstrated from the results calculated here 

that the fractal dimension of coal, salt rock and mudstone 

are similar and relatively large, although their pore ratios 

are different. They are sedimentary rocks and thus contain 

many complex pores with a variety of sizes. However, the 

minute pores can barely be detected in general porosity 

measuring tests, and the corresponding binary images fail to 

reflect this complex micro-pore structure. 

The pore ratio and fractal dimensions of different rock 

samples are listed in Table 2. Figure 11(a) shows the rela-

tionship between rock pore ratio and fractal dimensions 

calculated from the binary CT images. It is evident that the 

fractal dimension generally increases exponentially with 

increase in pore ratio. If the pore ratio is small, the changes 

in pore ratio will lead to a larger variation of fractal dimen-

sion. If the pore ratio is large, the changes in pore ratio 

cause only a small variation in fractal dimension. In Figure 

11(b), the relationship between rock pore ratio and fractal 

dimensions is calculated from gray CT images. Although in 

general fractal dimensions increase with increases in pore 

ratios, changes in fractal dimension are more obvious than 

changes in pore ratio. Thus fractal dimensions can better 

characterize pore structure in rocks than pore ratios. 

4  Conclusions 

The essential characteristics of images reconstructed by CT 

scanning of rocks have been discussed in this paper. The 

pore structures in rocks were extracted from CT images and 

analyzed. The relationship between pore ratio and fractal 

dimension of pore structure was evaluated and it was con-

cluded that: 

 

 

Figure 11  Variety of rock porosity and fractal dimension of rock pores. 
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Table 2  Porosity and fractal dimension of various rock samples 

Rock class Section threshold Pore ratio (%) 
Fractal dimension of binary 

image 

Fractal dimension of gray 

image 

Basalt 10000 0 0 2.518 

Salt rock 7000 0.17 0.775 2.604 

Coal 3100 0.51 0.453 2.636 

Oil shale 8500 14.71 1.661 2.499 

Concrete 6000 27.85 1.718 2.530 

Sandstone 10000 15.11 1.753 2.555 

Corundum 6400 27.85 1.809 2.547 

Gypsum 10700 26.76 1.848 2.584 

Mud 10700 26.62 1.847 2.633 

 
(1) The gray value of each pixel in CT images of rocks is 

a comprehensive reflection of the attenuation coefficient of 

all the material in the corresponding rock cell. The effect of 

pores with all kinds of scales in rocks can be represented in 

gray CT images obtained by scanning with a high resolution 

industrial real-time CT imaging system. 

(2) The contrast in CT images can be effectively en-

hanced by subsection gray mapping from the 16-bit initial 

data to the 8-bit gray images. Accordingly all types of pore 

structures in rocks can be clearly shown. 

(3) A segmentation threshold can be determined by in-

verse analysis based on pore ratios that are measured ex-

perimentally, and subsequently binary images of rock pores 

can be obtained to study the topological structures of rock 

pores. 

(4) The fractal dimension of rock pore structure increases 

with increase in rock pore ratios. Fractal dimensions might 

be different even though pore ratios are the same. The more 

complex the structure of the rocks, the larger the fractal 

dimension becomes. Therefore, pore structures are better 

characterized by fractal dimensions. This is especially true 

for those pore structures with the same pore ratio; whereby 

the fractal dimension would effectively reflect their differ-

ential complexity. 

(5) It was experimentally validated that fractal dimension 

calculations directly from gray CT images of rocks are pos-

sible. This is helpful to simplify the calculation process by 

eliminating binarization that would cause some disturbances 

and errors. Moreover, this method also reflects the effect of 

fine micro-pores as much as possible. Therefore, fractal 

dimensions based on gray CT images complement pore ra-

tios, which can describe the fractal characteristics of pore 

structures in rocks. 
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