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Abstract: In this study, we propose a digital image processing technology for estimating the macro permeability property of
heterogeneous geomaterials. The technology is based on a connected-component labeling algorithm and provides a novel and
effective method for geometry vectorization and microstructure identification. A color photo of a soil and rock mixture (SRM) is
taken as an example. Information about the distribution of aggregate and a vectorgraph, which can be used in numerical analysis,
are obtained automatically. A numerical permeability test is carried out to estimate the macro permeability coefficient of the
heterogeneous medium. The effects on macro permeability of three parameters, scale dependency, material heterogeneity and the
rock fraction, are discussed. The results indicate that the SRM has a scale dependent property and the representative element
volume (REV) length is about six times the maximum major axis of the aggregate. The heterogeneity parameter has a major effect
on macro permeability characteristics within a certain range. There is a weak tendency for the macro permeability to decrease as
the rock fraction increases. Although the rock fraction is not the only factor, it does have an influence on the macro permeability.
We conclude that the novel method developed in this study has good prospects for widespread application in macro parameter
estimation and related research fields.

Key words: Heterogeneous geomaterials; Digital image processing (DIP); Macro permeability coefficient; Scale dependency

http://dx.doi.org/10.1631/jzus.A1500335

1 Introduction

Permeability is an important component of the
physical characteristics of geomaterials and is inti-
mately associated with their mesostructure. However,
identifying the permeability of heterogeneous geo-
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materials in a real project often needs in-site tests
which are likely to require a great deal of human
effort and material resources. Hence, it is of great
value to establish a numerical model for the purpose
of examining permeability, which can help recognize
the mesostructure of heterogeneous geomaterials.
Digital image processing (DIP) is a new tech-
nology commonly used for converting digital pictures
into a vectorization form and extracting significant
information through various mathematical algo-
rithms. It has been widely used in engineering,
computer science, information science, statistics,
physics, and other disciplines (Xu et al., 2008b;
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Steinberg et al., 2010; Zeng et al., 2013; Chaves et
al., 2015). Geomaterials are typically heterogeneous
materials with complex microstructures. With the
application of DIP techniques, information about
these internal heterogeneities or microstructures (such
as cracks on a material surface, the shapes of com-
ponents, and the distribution of different ingredients)
can be extracted in a quantitative form (Johnson ez al.,
2002). In addition, the development of computational
methods has led to the production of several powerful
numerical tools for the simulation of geomaterials,
including finite difference method (FDM), finite el-
ement method (FEM), and discrete element method
(DEM). Within the past two decades, the incorpora-
tion of DIP into computational methods has been
reported to be efficient in the analysis of these het-
erogeneous materials (Chen et al., 2005; Yu et al.,
2007; Bessa et al., 2012; Carroll et al., 2013).

Information about the incorporation of DIP into
the analysis of the permeability of heterogeneous
geomaterials is very limited. This paper proposes an
innovative DIP method and a general framework for
seepage analysis.

Geomaterials such as soil, rock, and concrete are
either natural or artificial. These materials normally
comprise soil, gravel, cement, and voids and cracks.
Each individual component is distributed in geo-
materials in a stochastic manner following a specific
distribution like exponent or normal types. The indi-
vidual ingredients feature different physical and me-
chanical properties (such as density, porosity, and
Young’s modulus). The responses of components of
geomaterials under internal and external loading are
variable, and interactions among these individual
components are complicated. Physical and mechani-
cal properties (such as the fracture model, crack
propagation, and constitutive equation) of geo-
materials tend to depend on the internal mesostructure
including the distribution, shape, and proportion of
each component. It has been well recognized that
heterogeneities and mesostructure are of great sig-
nificance to the physical and mechanical properties of
geomaterials.

As a crucial parameter of the physical properties
of geomaterials, the permeability coefficient is widely
used in geotechnical engineering. In laboratories, the
coefficient of permeability is often estimated from
flow velocity and water pressure for conventional

materials (Venkatramaiah, 2006). For low permea-
bility media, the pulse method is usually used to
measure gas permeability (Skoczylas and Henry,
1995; Xu et al., 2009). However, these tests are lim-
ited by the scale of specimens, and the laboratory
scale is different from the in-situ field scale (Zhou et
al., 2006; Xu et al., 2009). In engineering practice,
large-scale field tests are likely to be required. In-situ
tests tend to consume a large number of manpower
and resources. Thus, numerical models to analyze
heterogeneous geomaterials on a large scale are ur-
gently required.

Conventional seepage analysis assumes geo-
materials are homogeneous or piecewise homogene-
ous, which generally ignores the effects of
mesostructure (Marifio and Luthin, 1982; Rushton,
2004). To consider the effects of heterogeneities and
microstructures, many recent studies have analyzed
the behavior of geomaterials. These studies can be
classified into two approaches. The first approach is
to preset values in terms of the sizes, shapes, and
distribution of different components (Bazant et al.,
1990; Kwan et al., 1999a; Wang et al., 1999; Yue et
al., 2003; Chena et al., 2013; Wang et al., 2015). In
particular, Bazant et al. (1990) proposed a take-
and-place technique to simulate spherical aggregate
particles in the computation of fractures. Kwan et al.
(1999a) and Wang et al. (1999) generated a random
aggregate structure in which the shape, size, and dis-
tribution of aggregate particles resembled real con-
crete in a statistical sense, and carried out a
mesoscopic study of concrete. This method describes
the geometrical heterogeneity of geomaterials and has
shown that microstructure plays an important role in
the behavior of geomaterials. Though the presump-
tions of the internal properties of geomaterials may
represent the heterogeneity and microstructure of
geomaterials from a statistical view, there are still
differences compared with the in-situ aggregate dis-
tribution, case by case. The second approach is to
obtain the real mesostructure using techniques like
digital imaging, computer tomography (CT), and
nuclear magnetic resonance (NMR). Because of its
simplicity and convenience for identifying surface
microstructures, DIP has been widely used for cap-
turing morphological characteristics in engineering,
information science, statistics, physics, and other
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disciplines (Yue et al., 1995; Kwan et al., 1999b;
Ammouche et al., 2000; Kameda, 2004; Xu J.M. et
al., 2007; Kemeny et al., 2010; Yu et al., 2012; Li et
al., 2014; Khan et al., 2015). For example, Kameda
(2004) established a digital rock approach to analyze
the evolution of permeability in sandstone. Further
progress has been made in the incorporation of DIP
techniques into numerical methods (Chen et al., 2004;
2005; 2007; Yue et al., 2004; Yu et al., 2006; Zhu et
al., 2006; Xu W.. et al, 2007; 2008a; 2008b;
Armesto et al., 2009; Michailidis et al., 2010). Yue et
al. (2004) successfully carried out quantitative anal-
ysis of heterogeneity and proposed a digital image
processing based finite element method (DIP-FEM)
for asphalt concrete. Chen et al. (2004) analyzed the
failure behavior of heterogeneous rock based on DIP.
Yu et al. (2006) established a multi-scale coupled
numerical model based on DIP and simulated the
failure process of concrete under uniaxial loading.
Literature reviews indicate that the DIP tech-
nique is an effective tool in quantitative analysis as it
provides an explicit representation of the heteroge-
neity and microstructure of geomaterials. Considering
there are few studies combining DIP with seepage
analysis, the main objective of this study was to pre-
sent a novel method for the analysis of the permea-
bility of geomaterials. Specifically, DIP technology is
used in the quantification of the distribution of dif-
ferent components and the extraction of boundaries.
Results from DIP are used to generate automatically
particles that can be imported into conventional nu-
merical software packages. A general flowchart of the
main techniques and implementation procedures is
shown in Fig. 1. The rest of this paper is organized as
follows: First, we will give a brief introduction to
DIP, including data formatting of digital images and
pre-treatment techniques. Second, a DIP method for
geomaterials based on the connected-component
labeling algorithm will then be presented and a de-
tailed example of implementation of this method will
be given showing the conversion of a digital image
from an original figure to a vectorial drawing. Af-
terwards, we will use related algorithms to generate
the finite element mesh automatically from the vec-
torized images. (4) Finally, we will incorporate the
grid into FEM software packages and analyze the
property of permeability based on numerical tests.

2 Pre-treatment techniques for soil and rock
mixture

Before numerically modeling a photo of geo-
materials, the pre-treatment of the image is very im-
portant. Digital photographs captured by a digital
camera or scanner consist of a rectangular matrix of
image elements or pixels. Note that the formats of
gray images and colored images are different. For
gray level images, each pixel is represented by a value
with an integer interval from 0 to 255 (gray images)
or from 0 to 1 (binary images). Hence, digital images
containing mxn pixels can be represented by a dis-
crete function {7, j) in the i and j Cartesian coordinate
system (Yue et al., 2003):

digital image = f(i, )

JA.N f(1,2) S, m)
_|/ean 122 f(2,m) (1)
S 1) f(n,2) S (n, m)

where i ranges from 1 to n and j from 1 to m.

Original image
Noise remove

|COIor space conversion|

Image binaryzation

¥
[ Connect-component labeling]

Edge extraction
Boundary smooth

Statistical
result

Pre-treatment

Mesostructure | |
detection

Vector image
output

Geometry import
Mesh generation
Numerical analysis

Result output

Fig. 1 General flowchart for DIP-based analysis of the
permeability of heterogeneous media

FEM analysis

As for a gray level graph, Yue et al. (2003) have
presented a detailed implementation of the pre-
treatment method. For color images, there are three
integer values at each pixel to represent different parts
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of red, green, and blue. As a result, the data of color
images can be expressed as a function f,(i, j), where
p=1, 2, 3. In this study, a photo of a soil and rock
mixture (SRM) is taken as an example (Fig. 2). This
image was generated with a Cannon digital camera
and has 5184 pixels in the x direction and 3456 pixels
in the y direction. The ruler in the photo reflects the
actual scale of the geomaterials and indicates that
each pixel has a length of 0.125 mm.

Fig. 2 A photograph of a soil and rock mixture

The photograph was taken in Donglingxin land-
slide accumulation mass of Sanbanxi Hydropower
Station in Jianhe County of Guizhou Province, China
on May 16, 2014. The accumulated mass was com-
posed mainly of the residual deposits, sliding depos-
its, silty clay, and crushed stone soil, and fractured
rock mass typical of the soil and rock mixture.

2.1 Noise removal

Noise is inevitable in the acquisition of digital
images. There are lots of ways to generate noise, and
the sources can be divided into two categories,
namely environmental factors and internal factors.
For example, sunshine and parameters of the camera
affect the quality of images. Noise will influence the
extraction of microstructural information from geo-
material images. Hence, noise removal methods are
basic processes in the pre-treatment of images. There
are several commonly used techniques including
neighborhood averaging, wavelet denoising, and
lower pass filtering methods. Considering that some
noise removal methods may blur edges and lose other
information, an easy yet effective method, the median
method, was used in this study. This method was also
used by Yue et al. (2003).

To eliminate the effect of measuring tape, we
chose a part of Fig. 2 as the research domain (Fig. 3).
In the following section, we propose a systematic
procedure for the treatment of color images.

Median filtering is a type of non-linear smooth-
ing method which can keep the boundaries of original
figures clear. For a square with a size of 3x3 or 5x5
pixels, the equation of the function of the medium
filter g(7, j) can be written simply as

g(i, j)=median{ /(i - K, j~1), (K,[€W)}, (2)

where W is the neighboring window.

2000 pixels
250 mm

2000 pixels
250 mm

Fig.3 The domain of the photo used for research

In this study, a simple neighboring window, a
square with a size of 3x3 pixels, was used. The pro-
grams for the median filter and other related proce-
dures were written using MATLAB. Fig. 4 shows the
image results before and after noise removal. Only a
small part of the original figure was taken as the
example because the effects of noise may be hidden at
low magnification. Compared with the original figure
(Fig. 4a), the new figure (Fig. 4b) is clearer and the
noise points have been removed.

2.2 Color space conversion

Digital images produced by most scanners and
cameras are colored figures characterized by a certain
color space and multi-dimensional arrangements.
Because all colors can be regarded as a combination
of red (R), green (G), and blue (B), the RGB color
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space is the most frequently used in applications in
our daily life. Although the RGB color system can be
recognized by human eyes, it is not as effective as the
hue (H) saturation (S) intensity (/) (HSI) color space
in terms of image recognition for computer programs.
The HSI color space can be described by a circular
cone model (Fig. 5) (Sharma and Bala, 2002). Though
the expression of the HSI color space is very complex,
it gives a more precise description of a color image.
The properties of the HSI model make it well suited
for the analysis of color figures.

Fig. 4 Effects of a median filter in the pre-treatment of a
color image: (a) original image with noise; (b) image after
applying the median filter

white -
AG
ellow
green
green | yellow
cyan it red
ite cyan
/ ~ .
red 13
black =
blue
magenta
3 black v

(a) (b)

Fig. 5 RGB (a) and HSI (b) color space models

For the convenience of digital analysis, we need
to transfer images from the RGB model to the HSI
model. The essence of this process is the transition
from a unit cube under Cartesian coordinate to a bi-
pyramid in the cylindrical coordinate. The simplest
transformation is presented as follows.

6, G=B,
H= €)
2n-60, G<B,

S_1_3min(R,G,B) I_R+G+B
R+G+B ’ 3 ’
where
0= cos™ (R-G)+(R-B)

2J(R-GY +(R-G)R-B) |

Other methods like coordinate transition, Bajon ap-
proximation, and piecewise definition can also be
applied (Haralick and Shapiro, 1991).

A MATLAB program rgb2hsi (Gonzalez et al.,
2009) was employed in the digital analysis of the
image of geomaterials. The three components of the
HSI color model were determined (Fig. 6). Differ-
ences between soil and rock in hue and intensity are
not evident, while those in saturation are obvious.
Therefore, we are able to distinguish rocks in the
image based on saturation.

(a) (b) (c)

Fig. 6 HSI components grayscale of the image of the
SRM: (a) hue; (b) saturation; (c) intensity

2.3 Image binaryzation

A clustering-based method for binaryzation was
used in this study. The threshold is taken as the value
where the gray-level samples are clustered in two
parts as background and foreground (Sezgin and
Sankur, 2004). For a figure with two peaks, the
threshold is the lowest point between the peaks, and
for a figure with one peak, the threshold is the peak
value.

According to the above analysis, we take the
grayscale of the saturation as the factor differentiating
rocks and soil. The determination of the proper
threshold is very important. A histogram of saturation
values in HSI color space is shown in Fig. 7. From the
histogram of the S component, as the value of satura-
tion increases up to 0.27, the frequency grows con-
tinuously, and then after the peak it falls gradually.
Therefore, we set the value of the threshold as 0.27 for
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binaryzation. The final binary image is shown in
Fig. 8a, where the rock aggregates can be identified.

Frequency (x10*)
N

(b)
Fig. 8 Automatic binary image (a) and manual refine-
ment binary image (b)

Since the distinction between soil and rocks is
not evident and sometimes rock surfaces are covered
by soil, manual refinements are needed based on the
human eye view. We can modify the image with the
help of software packages such as Photoshop or
Painter. In the binary image, 0 represents black while
1 represents white, and a transformation of 0 and 1 is
applied. The final result of the microstructure of the
SRM is shown in Fig. 8b. The next section will focus
on the vectorization of binary images using a novel
method.

3 Microstructure analysis and geometry
vectorization of the binary image

3.1 Connected-component labeling algorithm

The distribution of rocks in the SRM can be seen
in Fig. 8. A quantitative analysis of the properties of
each rock has still not been achieved. From the binary
image, we see that all the pixels in an aggregate are

adjacent to each other, hence each rock can be re-
garded as a connected component. Therefore, we use
a connected component labeling algorithm to tackle
this problem.

A component labeling algorithm is a funda-
mental image processing technique which segments
the domain of a binary image into partitions corre-
sponding to connected components (Wilson and Rit-
ter, 2000). For binary images, a unique number is first
assigned to each blob. If each blob corresponds to a
single object, objects that exist in a binary image are
counted. Generally speaking, labeling algorithms can
be divided into two large classes: (a) local neigh-
borhood algorithms and (b) divide-and-conquer al-
gorithms (Pitas, 2000). For the local neighborhood
algorithms, we often use 4- or 8-connectivity in
component labeling. Taking a simple binary image as
an example, the results of 4- and 8-connectivity la-
beling are listed in Fig. 9. For identification of dif-
ferent rocks, we use an 8-connectivity labeling algo-
rithm and analyze statistical information on the dis-
tribution of the aggregates based on the results of
labeling.

111 00000 111000 00
11102 2 00 11101100
11102 2 00 11101100
111 000 20 111000 10
111 000 20 111000 10
111 000 20 111000 10
111002 20 11100110
111 00000 111000 00
(a) (b)
111 000 00
11101100
11101100
111000 10
111000 10
111000 10
11100110
111 000 00

(c)

Fig. 9 A simple illustration of the connected-component
labeling algorithm

(a) original binary data; (b) result of 8-connectivity labeling;
(c) result of 4-connectivity labeling
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3.2 Geometry vectorization of the binary image
3.2.1 Edge extraction

Edge detection is an essential procedure in the
vectorization of binary images. Yue et al. (2003) used
first-order derivatives and modified the results man-
ually with Photoshop. We propose a more efficient
method using the connected-component labeling
algorithm. We consider one pixel as a square with
four sides. As for a connected-component with a size
of N pixels, there are 4xN sides in total. If a side is at
the edge of the domain, it will be unique while other
sides will repeat twice. If we delete all the sides which
repeat twice, the remainders are the scattered edges of
connected-components. After we obtain the scattered
lines, the edges need to be connected in sequential
order.

Taking two adjacent pixels A and B as an ex-
ample, the four sides of pixel A are p-pa, p1-p3, p2-pa,
and p3-p4 and those of pixel B are py-ps, pa2-pa, ps-pPe,
and p4-ps. It is easy to delete the repeated side py-ps.
The remaining sides are the edges. We choose an
arbitrary point as the beginning, then the next point
can be determined by the connection relationship. For
example, if the starting point is p;, the next point is p;
or p3 according to the lines p;-p, and p;-p;. Assuming
the second point is p,, the next point is ps. In this way,
a closed polyline pi-p,-ps-ps-ps-p3-p1 is obtained
(Fig. 10). Based on this consideration, we developed
a computer program to extract the edges of the rocks
(Fig. 11a).

o X_
y4 P2 Ps
A B
P3 D4 Ds
Y
(@)
0 X
)2 1%} Ds
Ps3 P4 Ps

(b)

Fig. 10 An illustration of the edge extraction technique
used in this study: (a) original connected component; (b)
edge of the domain
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(a) (b)

Fig. 11 Edge detection of the rocks in the SRM: (a) edge
extraction without boundary smoothing; (b) edge extrac-
tion after boundary smoothing

3.2.2 Boundary processing and transformation for
vectorial file

After the extraction of the edges, the boundaries
of the rock appear jagged and do not reflect the real
edges of the rocks. Also, excessive numbers of nodes
make the generation of computational models diffi-
cult. Hence, a boundary processing method proposed
by Yue et al. (2003) was applied in this study. The
method is briefly explained as follows:

1. Set a threshold value 7.

2. Find two points separated by the longest dis-
tance and link them to separate the polyline into two
parts.

3. For a random part, calculate the maximum
perpendicular distance of all points. If the maximum
distance is greater than 7, divide this part into two
segments. Link this point and the former two points.

4. Repeat this process until the distance of all the
segments is less than T.

With the help of this technique, we set the
threshold value T as 10. The results show that this
method can reduce the number of points on rocks
(Fig. 11b). After the acquisition of the boundary in-
formation, a scale transition is needed. Because pixel
information is made up of integer variables and the
actual size corresponding to each pixel is known, we
simply multiply the location of each point in the im-
age by the length of each pixel to obtain the size of the
SRM measured in centimetre or millimetre.

For the convenience of later analysis, we import
the information from these edges into a vectorial file.
Due to the wide usage of AutoCAD in engineering,
we chose Drawing Interchange Format (DXF) as the
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vectorization format. Finally, based on the data
structure of DXF, we put the geometry information of
the SRM into a DXF file, which is helpful for both
mesh generation and statistical analysis of rock
information.

3.3 Distribution information of microstructures

Having described the DIP method used in this
study, we can obtain the statistical information relat-
ing to rock size using a connected-component label-
ing algorithm and distribution information, such as
rose diagrams of rocks in the SRM. This process is
written into a computer program and the rock statis-
tics obtained can be seen in Table 1 and Fig. 12. The
proportion of rock was 41.52%, the majority of which
consisted of large rocks. The result shows that the
connected-component labeling algorithm is efficient
for the analysis of the distribution of components in
an SRM.

Table 1 Statistical information regarding the distri-
bution of rocks in an SRM

Rock area Rocks Rock area Area ratio
(mm?) number (mm?) (%)
0-50 39 1236 3.09
51-100 29 2016 5.04
100-200 17 2474 6.19
200-500 18 5722 14.31
500-2000 7 5159 12.90
Total 110 16607 41.52

4 Application of DIP to seepage analysis
4.1 Finite element mesh generation

Automatic generation of grids for finite element
analysis has been a popular topic associated with the
boom in the development of numerical methods.
There are a lot of techniques for generating finite
element grids. The three most widely used are the
quadtree-octree based method, advancing front
method, and Delaunay based method (Frey and
George, 2010). Nowadays, developments of FEM,
such as arbitrary-Lagrangian-Eulerian (ALE), bring
new mesh requirements like adaptation and moving
techniques. In this study, the requirements for the
grid are simple, and conventional techniques are
sufficient.

© o, @k
D5 DR g‘:ﬂ,éﬂﬁ@ &§

Fig. 12 Rose diagram of rock aggregates in the SRM: (a)
major and minor axes of rock aggregates; (b) major axis
rose diagram; (c) minor axis rose diagram

There are many commercial and open source
software programs, including Ansys, HyperWorks,
and Gmsh, that can mesh a finite element grid auto-
matically. By importing vectorized image files, these
software programs can easily generate the mesh. The
final mesh for the analysis is shown in Fig. 13.

4.2 Numerical permeability test

Many numerical solutions for the seepage
problem have been proposed (Smith et al, 2013;
Zienkiewicz et al., 2013). Therefore, a detailed in-
troduction will not be provided here. To analyze the
seepage properties of SRMs, a numerical permeabil-
ity test was employed. The laboratory seepage ex-
periment is illustrated in Fig. 14. For the numerical
test, we set the boundary condition the same as that in
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the laboratory. The water head difference (A/) was
1 m, the width (4) of the specimen 229.1 mm, and the
height (L) 166.5 mm. The permeability parameters for
different composites were taken from suggestions in
the engineering geology handbook (Table 2) (Chang
and Zhang, 2007). It is clear that the rock aggregate
and the soil matrix have different permeability coef-
ficients, but there have been few studies about the
seepage properties of this heterogeneous material.

~

Ah N-Porous stone ﬁ

<

B p—

Fig. 14 Illustration of the laboratory permeability ex-
periment with a constant water level

Table 2 Suggested permeability coefficients for the soil
and rock components (Chang and Zhang, 2007)

Component Permeability coefficient (mm/s)
Soil 3.0x107°
Rock 5.0x107°

To reflect the effects of the heterogeneity, a
homogeneous reference with a permeability coeffi-
cient of 3.0x10 > mm/s was set. The water pressure
fields after the finite element analysis are shown in
Fig. 15. From the contour of the total head, we can see
there is a difference between the homogeneous and
heterogeneous media. The water pressure isocline in

the homogeneous medium has a uniform horizontal
distribution, while that in the SRM is non-uniform.
We monitored the pore pressure of two vertical lines
of the heterogeneous specimen at X=50 mm and
X=150 mm, where X is the horizontal coordinate. The
relationship between the total head and vertical co-
ordinate (Y) for the homogeneous and heterogeneous
media is demonstrated in Fig. 16.

Ofb\@ai@ﬂﬁ 900

N@ a

700°9
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aar) 5003\5@&
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Emladn iy
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Fig. 15 Total head contour of heterogeneous (a) and
homogeneous (b) media (unit: mm)

1200

—a— Heterogeneous case (X=50 mm)
—o— Heterogeneous case (X=150 mm)
Homogeneous case

1000

800

600

Total head (mm)

400
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L
0 30 60 90

120 150 180 210 240 270
Y (mm)

Fig. 16 Relationship between total head and vertical
coordinate
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Considering the total head contour cannot intui-
tively reflect the heterogeneity, a plot of hydraulic
velocity vectors for homogeneous and heterogeneous
media is proposed (Fig. 17). The flow velocities in the
rock and soil are different, and the flow velocity in the
rock is nearly zero. As a result, the macro permeabil-
ity varies among different mesostructures. To evalu-
ate the macro permeability of the SRM, we recorded
the flux in the numerical experiment. The flux Q was
4.128 ml/s in the homogeneous medium and 1.63 ml/s
in the SRM. The formula for the permeability coeffi-
cient k for a constant water level experiment is

k=9
AAh

Fig. 17 Flux velocity vectors for heterogeneous (a) and
homogeneous (b) media

Based on the simple equation above, the macro
permeability coefficient was obtained. The results for
the two numerical specimens were 3.00x10° mm/s
and 1.63x10° mm/s. Due to the effects of rock ag-
gregate with a low coefficient parameter, the macro
permeability coefficient showed a clear decline. The
coefficient in the homogeneous medium was the same
as the soil parameter, which indicates that the result
from the numerical experiment was reasonable.

5 Results and discussion

Turning to the effect of the mesostructure on
permeability, with the help of the method described in
this paper, the macro permeability coefficient for
heterogeneous media in different mesostructures can
be estimated. The results from three perspectives are
discussed as follows.

5.1 Scale dependency and representative element
volume estimation

As for the heterogeneous materials, the equiva-
lent physical parameters have scale dependency. Only
when it is larger than the representative element
volume (REV), will the scale have little influence on
physical parameters. The determination of REV for
SRM is a rather subjective task that involves esti-
mating how many pixels are needed. Random sam-
pling is chosen for the estimation of the permeability
coefficient at different scales (Fig. 18). Rocks in the
SRM become small, and the material tends to be
homogeneous as the scale increases. We employed
four random tests at each scale, and the results are
shown in Fig. 19.

(f)

Fig. 18 Random domain at different scales
(a) 2002 pixels; (b) 5002 pixels; (c) 10002 pixels; (d) 15002
pixels; (e) 20002 pixels; (f) 25 002 pixels
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Fig. 19 clearly illustrates the scale dependency
of the permeability of the SRM. The permeability
coefficient to be estimated can have a wide range
within a certain scale. In these cases, beyond a scale
of 2500 pixels, corresponding to a length of about
300 mm, the scattering range of the properties be-
comes notably smaller and the material can be re-
garded as homogeneous. As the largest axis of rock
aggregate is 49 mm, the REV length is about six times
the maximum major axis of aggregate. For the simu-
lation of heterogeneous media using digital images, a
proper large scale is required to obtain reliable results.
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Fig. 19 Variation in permeability coefficient with the
increasing numbers of pixels

5.2 Effect of the material property on macro
permeability

Having analyzed the scale dependency of the
SRM, we analyze the effect of the rock coefficient on
macro permeability. Firstly, we denote a parameter
(4) which represents the heterogeneity of the material.
The permeability coefficients associated with differ-
ent heterogeneity parameters are listed in Table 3.

Fig. 20 shows the variation in macro permeabil-
ity kmacro With the heterogeneity parameter 4. It shows
that the macro permeability k.o decreases as the
heterogeneity parameter A increases from 1 to 100.
Before A reaches the value of 20, the variation in
macro permeability is obvious. The change of macro
permeability slows down once A reaches 20. This
indicates that heterogeneity has a large influence on
macro permeability, especially when the differences
among components in heterogeneous geomaterials
are not significantly large.

Table 3 Permeability coefficients associated with dif-
ferent heterogeneity parameters

CaSC ksoil kmck kmacro

(mm/s) (mm/s) (mm/s)
1 3.0x107° 1.5x107° 2.51%107°
2 3.0x107° 6.0x107* 5 2.06x107
3 3.0x107° 3.0x107* 10 1.85x107°
4 3.0x107° 1.5x107* 20 1.72x107°
5 3.0x107° 6.0x107° 50  1.64x107°
6 3.0x107° 3.0x10° 100 1.61x107°

kson and ko represent the permeability coefficients of soil and rock,
respectively; A=koi/krock
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Fig. 20 Variation in macro permeability k.., With the
heterogeneity parameter 4

5.3 Effect of the rock fraction on macro
permeability

To analyze the influence of the rock fraction on
the macro equivalent permeability of the SRM, we
take another three photos of SRMs with different rock
fractions. The numerical models of these tests are
shown in Fig. 21. According to the numerical analy-
sis, the macro permeability and the corresponding
rock fractions are shown in Table 4.

The macro permeability tends to decrease as the
rock fraction increases. However, the rock fraction is

Fig. 21 Numerical tests of SRMs with different rock
fractions: (a) 30.20%; (b) 33.40%; (c) 50.97%
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Table 4 Permeability coefficients with different rock
fractions

Macro permeability

Test No. Rock fraction (%) (x10°° mm/s)
1 30.20 1.80
2 33.40 1.48
3 41.52 1.63
4 50.97 0.51

not the only factor that affects the macro permeabil-
ity. In the cases analyzed above, the macro permea-
bility with a rock fraction of 30.20% is larger than that
with a rock fraction of 33.40%. The distribution and
shapes are also very important in determining the
macro permeability property of an SRM.

6 Conclusions

This paper establishes a numerical method based
on DIP for analyzing the permeability of geomateri-
als, considering the materials’ heterogeneity. First,
we summarized the basic features of DIP, such as
noise removal, color space conversion, and image
binaryzation. By introducing the connected-
component labeling algorithm, a novel, simple, yet
effective method for the geometry vectorization of a
photograph is presented. Using a photo of an SRM as
an example, we demonstrated the implementation of
this method in the permeability analysis of hetero-
geneous materials. The feasibility and rationality of
this method was shown by in-situ tests and numerical
analysis. Furthermore, we analyzed the effects of
heterogeneity on macro permeability from three
perspectives:

1. By a series of numerical analyses at different
scales from 2002 pixels to 25002 pixels, we showed
that the SRM had scale dependency, and the REV size
was about six times the maximum major axis length.

2. Analyses of the variation in macro permea-
bility associated with heterogeneity parameters were
carried out, and the results showed that their effects
were notable within a certain range.

3. Simulations of the effect of different rock
fractions on permeability showed that increasing the
rock fraction can reduce macro permeability. How-
ever, the distribution and shape of the aggregate
should also be taken into consideration.

In this paper, we proposed a novel method for
evaluating macro permeability at an in-sifu scale to
provide a prognosis for engineers. This method can be
applied to the analysis of other heterogeneous media
and related problems associated with microstructure.
Although this study dealt with a 2D simulation, the
method could be extended to 3D analysis.
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