Geomechanics and Engineering, Vol. 24, No. 4 (2021) 359-370
DOI: https://doi.org/10.12989/gae.2021.24.4.359

359

Geostatistical algorithm for evaluation of primary and secondary roughness
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Abstract. Joint roughness is combination of primary and secondary roughness. Ordinarily primary roughness is a
geostatistical part of a joint surface that has a periodic nature but secondary roughness or unevenness is a statistical part of that
which have a random nature. Using roughness generating algorithms is a useful method for evaluation of joint roughness. In this
paper after determining geostatistical parameters of the joint profile, were presented two roughness generating algorithms using
Mount-Carlo method for evaluation of primary (GJRGAp) and secondary (GJRGAs) roughness. These based on geostatistical
parameters (range and sill) and statistical parameters (standard deviation of asperities height, SDy, and standard deviation of
asperities angle, SDa) for generation two-dimensional joint roughness profiles. In this study different geostatistical regions were
defined depending on the range and SDn. As SDy increases, the height of the generated asperities increases and asperities
become sharper and at a specific range (a specific curve) relation between SDy and SDa is linear. As the range in GIRGAp
becomes larger (the base of the asperities) the shape of asperities becomes flatter. The results illustrate that joint profiles have
larger SDa with increase of SDy and decrease of range. Consequencely increase of SDa leads to joint roughness parameters such
Z,, Zz and R, increases. The results showed that secondary roughness or unevenness has a great influence on roughness values.
In general, it can be concluded that the shape and size of asperities are appropriate parameters to approach the field scale from

the laboratory scale.
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1. Introduction

Sample selection is the primary objective in any
parametric study in rock mechanics. Interpretation of the
shear stress versus shear displacement curve of direct shear
tests on natural rock joints is complicated due to joint
roughness variability (Atapour and Moosavi (2014)). In
order to evaluate the effect of joint roughness on shear
behavior a variety of samples are used. These include two
main groups. In the first group, shear strength models using
artificial and natural material (artificial samples) are
developed (usually a mixture of plaster or cement with
other materials). In the second group, natural samples with
pre-existing crack or natural samples with crack created in
laboratory using Brazilian test or sawing machines are used
(Atapour and Moosavi (2014)). Natural and artificial joint
samples generally include: Natural samples with pre-
existing crack (NPC), natural samples with the crack
created in laboratory (NCC), artificial crack with remolded
crack on natural crack (ARC), artificial samples with
specific geometry of crack (ASC) and artificial samples
with specific geometry of crack generated with a specific
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algorithm (ASA). Fig. 1 illustrates some types of joint
surface for evaluation of joint roughness.

Joint roughness is one of the effective parameters in
mechanical and hydro-mechanical behavior of rock mass,
Wittke (2014). Joint roughness is divided into small scale
roughness or unevenness and large scale roughness or
waviness, Mechanics (1978). Researchers have encountered
serious challenges due to existence of unevenness and
limitation of sampling dimension in laboratory scale. A lot
of methods such as experimental, statistical and fractal
methods have been suggested for evaluation of joint
roughness (Barton and Choubey (1977), Mechanics (1978),
Babanouri et al. (2013), Park et al. (2013), Babanouri and
Karimi-Nasab 2015, Fathi ef al. (2016) and Zhao et al.
(2018)). For many decades quantification of experimental
Barton profiles has been an interesting area of study by
researchers. Many parameters have been defined for
quantification of roughness (Grasselli (2001)) (e.g., Z» <Z3 ¢
Z4 and Rp defined in Table 1). In quantitative description of
joint roughness the asperities angle is quite effective. The
Z, «Z3 «Z4 parameters are dependent to the angle of
asperities. Z, is defined as the average of asperity angles. Z3
illustrates curvature of asperities and Zs illustrates
difference of projected positive and negative asperities,
Gravanis and Pantelidis (2019). Asadi and Rasouli (2010)
discuss that when the average of asperity angle is zero,
standard deviation of asperity angles (SDa) is a good
criterion for definition of joint roughness, Asperity angle is
related to the vertical and horizontal differential of two
points at a joint roughness profile. Joint roughness is a
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Fig. 1 Different types of surface for evaluation of joint roughness (a) Natural samples with pre-existing crack (NPC), (b)
Natural samples with the crack created in laboratory (NCC), (c) Artificial crack with remolded crack on natural crack
(ARC) Babanouri and Karimi-Nasab (2015), (d) Triangle roughness (ASC) and (e) Artificial samples with specific
geometry of crack generated with a specific algorithm (ASA) Babanouri ef al. (2013)

Table 1 Statistical parameters for joint roughness description Parameters
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Zs: curvature of asperities, Gravanis and
Pantelidis (2019)
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Z4: relation between difference of projected
positive and negative asperities to the length of
profile, Gravanis and Pantelidis (2019)
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R,: relation between actual to projected joint
roughness profile, Grasselli (2001)

Table 2 Geostatistical models for defining joint roughness

Parameter: a=Range, C=Sill and e=the base of the
Natural (Neper)

Model Reference

Vv2ce
SR,,=—a ,SR, € (0,)

JRC = 7.1581n(SR,) + 31.218

Chen et al. (2016)

o N
[SHESY

o

JRC = 33.06(CA)*5% + 9.475

Zhao et al. (2018)

geostatistical parameter.

Geostatistical approach is another method for evaluation
of joint surfaces. Geostatistical method is mainly based on
the variation of asperities height related to the lag distance.
Height of asperities is usually the regional variable to
evaluate joint surface (Fecker (1978)). One of the most
important advantage of the method is determination of free
scale shear strength model. Fecker (1978), determined

variogram of Barton profile at 0.33 cm interval sampling.
Chen et al. (2016) suggested SRv index as geostatistical
parameters for determination of joint roughness Zhao et al.
(2018) with evaluation of different variogram models, were
defined CA index for determination of joint roughness.
These two models are given in Table 2.

These equations show that the asperities height is not a
statistical quantity and consider it as a geostatistical
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Fig. 2 Original and realigned profile of Barton (JRC 14-16)
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JRC Rank 1 Rank 2 Rank 3
OR-JRC 2-4 Dagum (4P) Kumaraswamy Beta
Re-JRC 2-4 Dagum (4P) Kumaraswamy Beta
OR-JRC4-6 Gen. Extreme Value Wakeby Dagum (4P)
Re-JRC 4-6 Wakeby Gen. Extreme Value Gamma (3P)
OR-JRC6-8 Frechet (3P) Triangular Gamma (3P)
Re-JRC 6-8 Wakeby Johnson SB Gen. Extreme Value
OR-JRC8-10 Wakeby Gen. Extreme Value Johnson SB

Re-JRC 8 -10 Log-Logistic (3P) Dagum (4P) Fatigue Life (3P)
OR-JRC10-12 Wakeby Gen. Pareto Uniform
Re-JRC 10-12 Beta Power Function Wakeby
OR-JRC12-14 Error Gen. Gamma (4P) Gen. Extreme Value
Re-JRC 12-14 Dagum (4P) Johnson SB Beta
OR'J‘R£C14' Wakeby Johnson SB Gen. Extreme Value
Re-JRC 14-16 Wakeby Gen. Extreme Value Johnson SB
OR-JRC16-18 Beta Kumaraswamy Error
Re-JRC 16-18 Johnson SB Beta Kumaraswamy
OR-JRC18-20 Beta Kumaraswamy Johnson SB
Re-JRC-18-20 Wakeby Dagum (4P) Gen. Logistic

quantity. The most common method for evaluation of joint
roughness is using standard profiles of Barton and Chouby
(Barton and Choubey (1977)). These profiles are the basic
of most studies performed to quantify of joint roughness.
However in reality there are many rock joint surfaces that
have different morphology but have a same roughness value
(Grasselli and Egger (2003), Babanouri ef al. (2013), Huan
et al. (2019), Lotfi and Tokhmechi (2019), Yong, et al.
(2019)). Using an artificial profile with a specific geometry
is one way to reduce the uncertainty of studies on joint
roughness (He et al. (2014)).

There are a few methods for joint roughness profile
generation. The Brownian algorithm based on the self-
affine geometry is the most common method for joint
roughness generation (Kulatilake et al. (1998)). Babanori et
al. (2013) by using a complex algorithm found the best
Brownian self-affine parameters for ten standard profiles of
Braton. Hoang Khanh Lé et al. (2018) determined
variogram of profile height variation (PHV) for many joint
roughness profiles. They found PHV is independent of

spatial location. They assumed that PHV is a statistical
parameter and they generated two dimensional joint
roughness profiles by Monte Carlo method. They found that
PHV joint roughness profiles have a normal probability
distribution function (NPDF) with zero mean. They
illustrated that with increase of standard deviation of PHV
the joint roughness coefficient (JRC) also increased (Lé et
al. 2018). The generated points from this algorithm are
fixed at 0.25 mm distance from each other. The selection of
the constant distance has a significant effect on JRC value.
In this study, a new algorithm is suggested to use
geostatistical parameters for generation of two dimensional
roughness profiles. Subsequently, using generated profiles,
joint roughness was evaluated.

2. Height probability distribution function of Barton
profiles

The ten Barton and Chouby (original profiles) are
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Fig. 3 Probability density function for original profiles (left) and realigned profiles (right)
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Fig. 4 Correlation between standard deviation of asperities height (SDy) and JRC

obtained by the Profilometer with accuracy of about 1 mm.
Some researchers have worked on the effect of sampling
interval on the joint roughness (Tatone and Grasselli
(2010)). Here an asperity height measurement with 0.5 mm
interval scanning line is used. Tatone and Grasselli (2010)
following digitization of the profiles noted that the original
JRC profiles were not aligned so they re-aligned the

original profiles (re-aligned profiles). The original and re-
aligned profile of Barton (JRC 14-16) are shown in Fig. 2.
As mentioned before, a sampling interval of 0.5 mm was
selected to extract data from the original profiles. To
measure the asperity height a horizontal regression line with
the minimum sum square of error (SSE) was selected. After
measuring the height of joint roughness profiles,
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Fig. 6 Variogram of re-aligned profiles of Barton
probability density function (PDF) of joint roughness was distributions are not known. In this paper, normal
determined. Then, the histogram of Barton profiles was distributions of original and realigned profiles are

determined. The asperities heights for JRC 2-4 (JRC 3),
JRC 10-12 (JRC 11) and 20-18 (JRC 19) for original and
realigned profiles are shown in Fig. 3. The three first
asperities heights with normal PDF were computed based
on Anderson-Darling method. The results are illustrated in
Fig. 4. The left (al, a2 and a3) and the right (b1, b2 and b3)
side histograms belong to the original and re-aligned
profiles of Barton respectively. Comparison of PDFs
between original and realigned profiles illustrates that a
small rotation of profiles can change the best fit of PDF.
The best adjusted PDFs were not similar for different
profiles. Table 3 illustrates the three first PDF of asperities
heights for original profile (OR-JRC) and realigned profile
(RE-JRC).

The various PDF definitions have been explained in the
hand-book on statistical distributions for experimentalists
(Walck (1996)). Due to large changes in PDFs, using PDF
of asperities height is not a suitable method for description
of joint roughness but the results illustrate that normal PDF
is suitable for all Barton profiles. The normal (or Gaussian)
distribution is a very common continuous probability
distribution function. Normal distributions are important in
statistics and are often used in the natural and social
sciences to represent real-valued random variables whose

compared. Normal distribution is defined with mean and
standard deviation (SD). Since a line with minimum sum
square error (SSE) was selected for total trend of joint
roughness the mean of asperities height is zero or near zero
(below the 100 micrometer). Therefore, the standard
deviation of asperities height (SDu) of original and
realigned profiles are compared. Correlation between SDy
and JRC is shown in Fig. 4.

Maximum change in SDy (about 0.5 mm) for either
original or re-aligned profiles occurs in JRC 13 and 17 for
which the required rotation is about +1.93 and +2.1 degrees
respectively. SDy for all realigned profiles compared to
original profiles is reduced. SDy of asperity height is
expected to increase but after JRC 11 the trend is changed
and with increase of JRC, SDy is reduced. SDy is defined in
Eq. (1) as a function of JRC. It is a three-order polynomial
equation with root mean square equal to 0.82. Variation of
SDy and JRC are not proportional, hence, SDy is not a
suitable parameter for evaluation of joint roughness. Some
of these mismatches are based on neglecting the role of the
geostatistical parameters (radius effect (range), sill)
asperities height on joint roughness coefficient.

SD,, =-0.0019JRC? +0.0489JRC* —0.2358JRC +0.5062 (1)
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Table 4 Geostatistical parameters for original and realigned profiles of Barton

JRC 2-4 4-6 6-8 8-10 10-12 12-14 14-16 16-18 18-20
JRC average 3 5 7 9 11 13 15 17 19
SDy (mm) 0.42 0.37 0.54 1.12 1.87 1.69 1.89 1.69 1.15
Orj‘l%‘gal Sill (mm?) 0.05 0.23 0.30 2.20 7.00 5.50 6.20 1.20 1.40
Range (mm) 50.87 35.00 31.00 24.00 26.00 29.00 14.00 7.00 7.00
SDy (mm) 0.22 0.35 0.39 0.91 1.84 1.24 1.81 1.23 0.93
Re‘;}‘{%‘ed Sill (mm?) 0.07 0.22 0.21 1.80 6.55 332 6.13 2.52 1.39
Range (mm) 55.63 30.00 24.43 23.72 25.12 19.86 14.41 18.46 6.41
P A .
0.4 ~—*— SRV original - .
0.35 —&— CA-orginal . :
T SRV realgned E
. 03 CA-Realigned E
5 0.25 —+— SRVmodel (5. J. Chen zois,m
z‘ 0 > CA model (Zhao Lxlnhzng:l 2018)
o - Expon. (CA-orginal)
< 015
A
0.1
0.05
0

3. Geostatistical properties of Barton profiles

The first step of a geostatistical analysis is to identify
the spatial structure of a regionalized variable (Fecker
(1978)), which is the asperity height in this study. The
geostatistical tool for joint roughness profile is the
variogram. The spatial continuity and variability of fracture
surfaces are described using the variogram (originally
named as semivariogram). The semivariogram was first
defined by Matheron (1963) as half the average squared
difference between points z(x+h) and z(x) separated at
distance h. The value of a variogram for the lag vector of h

20

JRC
Fig. 8 Relation between CA / SRV and JRC

is defined as follows Eq. (2). In the variogram method, sill
is the maximum variance of the asperities height, while
range is a lag distance where the variance of regionalized
variable approaches a constant value.

N(h)

1
y(h) = IR Z [z(x + h) — z(x)]? 2)

The wave form of a variogram shows a hole effect,
which is typical of a periodic increment and decrement of
regionalized variable. The obtained variogram for original
and realigned JRC profiles are reported in Figs. 5 and 6
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Fig. 9 Decomposition of spatial variation into primary and secondary roughness (Babanouri and Nasab 2015)

respectively. At the same profile length (here 100 mm), if
the lag distance is increased, the number of pair points for
determining variogram is reduced and thus the accuracy of
variogram is reduced. Variogram of Original profiles of
Barton has a trend, i.e. a gradual change in some property of
the series over the whole interval under investigation.
Realigned profile doesn’t have a linear trend but an
unknown trend appears after sill limit.

Post variation of variogram shows a semi-periodic
behavior of asperity height. Therefore some methods, such
as fractal method that are dependent to periodic phenomena
have complexity and difficulties in the laboratory scale
(Grasselli (2001)). A large range with a low sill indicates a
smooth planar interface, while a large range with a large sill
indicates a smooth undulating structure (Zhao et al. (2018)).
In this respect, both the sill and range of the variogram are
related to the joint roughness profile. Due to the trend of
data, determination of exact amount of sill and range
parameters for standard profiles of Barton is not possible
and depends on engineering judgment. For example
variograms of JRC 16-18 (JRC 17) and JRC 18-20 (JRC
19) are illustrated in Fig. 7. The general shape of the
variogram is quite different, but the models fitted to the two
variogram have the same range with different sill. In this
study a point at variogram where the slope of the curve is
changing was considered for the best fitted variogram
model. Table 2 illustrates geostatistical properties of ten
original and Re-aligned profiles of Barton.

The limit variation of the range of asperities height at
Barton profiles is between 7-50.87 mm and the limit
variation of the SDy is between 0.39-1.89 mm. The
calculated values of CA and SRv for realigned profiles are
lower than the values for the original profiles. In the part
determined by red dashed rectangle, waviness has the most
effect on the results (Zhao et al. (2018)). The results show
that the obtained range and sill have a good fitness with CA
and SRv parameters. Coefficient of Determination (R?) of
CA relative to SRv is larger. It is interesting to note the
difference in the presented models. This can be derived
from different engineering judgment. In order to evaluate
the results (Table 2) the CA and SRv parameters were
calculated and the results are illustrated in Fig. 8.

4. Geostatistical
algorithm (GJRGA)

joint roughness generation

Jing et al. (1992) proposed a concept of primary and

secondary roughness to explain the mechanical behaviors of
rock fractures under shearing: the primary roughness (at
large-scale is defined waviness) was defined as the
dominating and larger-scale wavy surface undulation while
the secondary roughness was defined as the randomly
distributed small-scale unevenness that superimposed on the
primary or waviness surfaces (Wang et al. (2016)). Fig. 9
illustrates decomposition of joint roughness profiles.
Existence of unevenness and limitation of sample
dimension (scale effect) is challenging for geotechnical
researches.

The asperity angle is an effective parameter in definition
of some joint roughness parameters such as Z,, Z3 and Z,
but these parameters do not consider the shape effect of
asperity on the roughness. The effect of asperity shape is
shown in Fig. 10. The base and height of an asperity is
defined by Ax and Ah respectively. Any changes to the ratio
of Ah to Ax (asperity geometry) leads changes in the shape
of asperity and it varies the roughness profile. Increasing
the ratio of Ah to Ax induces a steep and sharper asperity,
conversely decreasing the ratio of Ah to Ax induces a
smooth asperity. Also the scale effect is shown in Fig. 10.

The shape of natural surface asperities of rough joint
surfaces vary in size and shape (Fig.1(a)), which is
described based on asperity geometry, therefore the ratio of
Ah to Ax is various which leads to the variation of asperity
angles. Variation of asperities height could be defined by
SDy, but joint roughness asperities with the same SDy and
different asperities base, have different asperity angles. So
the bases of asperities have an important effect on the shape
of joint asperity. As mentioned before, the maximum
distance that asperities height correlates each other is
defined as range, which is determined by variograms, as
they could evaluate the spatial correlation of asperities
height.

In this paper for evaluation of asperity height and
asperity angle instead of Ah and asperity angle, SDy and
SDy are used respectively. When the SDy of the asperities is
increased, the joint roughness is expected to be increased
but as it is illustrated in Fig. 4 this relation is not always
proportional and could be related to other parameters. Often
asperity with larger range has a bigger size. Consequently
range and SDy have important effects on asperity angle so
this study evaluates the interaction of these two parameters
on SDa.

One of the useful approaches for evaluation of different
joint roughness profiles is using joint roughness generation
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algorithm (JRGA). One of the most important JRGA is self-
affine Brownian algorithm (Kulatilake er al. 1998).
Understanding the parameters of the Brownian algorithm is
difficult. Therefore, in this study a new Geostatistical JRGA
is presented (GJRGA algorithm). In this algorithm
meaningful parameters are used for generating joint
roughness profiles. These include the range and standard
deviation of asperities height according to the concept of
primary and secondary roughness. Trend of joint roughness
profiles is not independent of spatial position of asperities.
Using primary and secondary roughness is a good method
for evaluation of joint roughness.

4.1 GJRGA method for generating secondary
roughness (GJRGAs)

In order to generate secondary roughness by GJRGAs,
at the first, the standard deviation of asperities height of
secondary roughness forl0 joint roughness profiles of
Barton were determined. The calculation illustrates SDy of
secondary roughness varies from 0.02 to 0.12 mm.
Therefore for profiles with a length of 100 mm, random
height data was generated using the Monte-Carlo method.
These data are located on a profile with interval distance
equal to 0.25 mm, consequently 401 data were generated
with one run of the GJRGAs. Finally for a specific SDy,
joint roughness parameter includes: Z,, Zs, Rp and SDa
were calculated for each generated profiles. In order to be
representative of calculated parameters at generated
profiles, for each specific SDy, the GIRGAs were run 1000
times and average of joint roughness parameters were
calculated for evaluation of secondary roughness. Flowchart
of GJRGAgs is shown in Fig. 11. The GJRGA method for

generating secondary roughness includes the following
steps:

1- Determination of PDF of secondary asperities height
(PDFs): subtraction of fourth-order polynomial equation
from general profile is defined as residual value (e(x) =z(x)-
m(x), Fig. 9). In this paper PDF of e(x) is defined PDFs.

2- Determination of distance of two random points (Dy)
on the profile length (L). In this paper D: were selected
equal to 0.25 mm. Khanh et al. (2018), generated random
profiles with 0.25 mm interval.

3- Generating random data, e(x), from the PDFs by
Monte Carlo method, Ns at Eq. (3)

4- Determination of joint roughness parameters (such as
725,73, Ryp)

L
Ng=—+1 3
=5 3)
At each run of this algorithm for specific geostatitical
parameters (D and SDy) the SDa was calculated. Running
GJRGAs for specific range of geostatistical parameters
leads to a geostatistical classification.

4.2 GJRGA method for generating primary roughness
(GJRGAP)

In order to generate the primary roughness by GJIRGAp,
at the first, range and standard deviation of asperities height
of primary roughness were determined for ten joint
roughness profiles of Barton. The range of variation of SDy
and range is between 0.2 to 2 mm and 5 to 50 mm
respectively. At determined limits were selected 10 different
values of SDy and range. Generally 100 different scenarios
was evaluated. For each of these 100 scenarios, generated
asperities height was located on a 100 mm length profile
with interval distance equal to a specific range. For
example, a scenario with a specific SDu and a range equal
to 10 mm, 11 asperities height generates by Mount-Carlo
method and locates on a 100 mm profiles with interval
distance equal to 10 mm. After generating a roughness
profile a four-order polynomial equation is fit to the
generated data. This equation is defined as a primary
roughness. Finally for a specific range and SDy, joint
roughness parameter for primary roughness includes: Z,,
Z3, Rp and SDa was calculated for each generated profiles
In order to be representative of calculated parameters at
generated profiles, for each specific SDy , the GJRGAp
were run 1000 times and average of joint roughness
parameters was calculated for evaluation of secondary
roughness. Generally for evaluation of primary roughness
the GJRGAp were run 100000 times.

The GJRGA method for generating primary roughness
includes the following steps (GJRGAp). Flowchart of
GJRGAP is shown in Fig. 12.

1- Determination of PDF and range of asperities
height
2-  Determination of trend of Barton profiles as a

fourth-order polynomial

3-  Data generation from asperity height PDF by
Monte Carlo method (m(x) in Fig. 9): where L is the profile
length and “a” is the range. The number of generated data
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Profilz length (L} =100 mm
Range (C)=[4. 10. 15 to 50]
S0.=[02 04 08t
!
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¥

— Run, = Diata generation from POF, by Mount-Carle method

1

/ Fitting fouwr-order polynomial equation to the generated data in Run /

IF Ron==1000

Fig. 12 Geostatistical joint roughness generation

algorithm for primary roughness (GJRGAp)

was calculated from Eq. (4). Similar to standard profiles of
Barton, 10 cm was considered for the profile length.

L
Ny =-+1 (4)
a

4- Fitting the fourth-order polynomial equation to the
generated data: This polynomial is defined as the primary
roughness.

5- Determination of joint roughness parameters (such as
SDa, Za, Z3, Ry)

Considering SDy and the range of asperities (Table 1) at
the proposed algorithm the mean of SDs was determined
for different geostatistical parameters. At each run of this
algorithm for a specific geostatitical parameters (range and
SDy) the SDa is calculated. Running of GJRGAs for a
range of geostatistical parameters leads to a geostatistical
classification.

5. Geostatistical classification of joint roughness

The defined joint roughness parameters such as Z», Zs,
Rp do not change linearly by changing the JRC value
(Tatone and Grasselli 2010). This means that Barton
profiles have relatively an ordinal scale. No mathematical
definition for standard joint roughness profile so far.
According to the GJRGAp, SDa changes with a constant
trend when the range is constant and SDy changes. Hence,
to achieve the constant variation of SD (constant slope) the
proposed algorithm was run at each loop with a constant
range and different SDy. According to Table 4, the range

w
S

m Region H, Range 5-10 mm, mean=7.5 mm

m Region O, Range 10-15 mm mean=12.5 mm

~
@

= Region J, Range 15-30 mm mean=22.5 mm
m Region A, Range 30-50 mm mean=40 mm

mRegionT,Range  >50 mm
part3

part 3

Standard deviation of asperity angle (SD,) (degree)
=
o

o

0.2 04 0.6 0.8 1 1.2 14 1.6 18 2
Standard deviation of asperity height (SDy) (mm)

Fig. 13 Geostatistical classification of joint roughness for
primary roughness (GCJRp)

Standard deviation of asperity angle (SDa) (degrees)
=

0.2 04 0.6 0.8 1 1.2 1.4 1.6 1.8 2
Standard deviation of asperity height (SDy) (mm)

Fig. 14 The Geostatistical contour diagram of Z,

and SDy were changed between 5-50 mm and 0.2-2 mm
respectively. The output of each loop of the algorithm is
SDa. Thus, for any initial state the algorithm was run 1000
times and the average of each state is reported as the result.
The output of GJRGAp flowchart is illustrated in Fig. 13.
This is geostatistical classification of joint roughness for
primary roughness (GCJRp). At a constant range, value of
SDa is changed linearly. The SD4 is a function of SDy and
range. This relation was defined by Eq. (5).

SD, = a.rangef.SDy,* (5)

where the value of s was considered equal to one for
primary roughness. Reduction of the range leads to
increasing the nonlinear relation between SDy and SD4. In
this paper the value of a and B were calculated 68.497 and -
0.948 respectively. The regions between two sequential
curves of the GCJRp were named by H, O, J, A and T
letters. Variations of ranges at the H, O, J, A regions are
changed between 5-10, 10-15, 15-30 and 30-40 mm
respectively. The Range at the region T is more than 50
mm. The average number of asperities at each region is
constant. According to the proposed algorithm, the number
of asperities has a direct relationship with the range of data.
Each region is divided into the 9 parts. Variation of SDy in
each part is 0.2 mm. As SDy increases, the height of the
generated asperities increases and asperities become
sharper. As can be recognized in Fig. 13, at a specific range
(a specific curve) relation between SDy and SD, is linear.
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Fig. 15 The Geostatistical contour diagram of Z3
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Fig. 16 The Geostatistical contour diagram of Rp

As the range in GJRGAp becomes larger (the base of the
asperities) the shape of asperities becomes flatter. The
results illustrate that joint profiles have larger SDa with
increase of SDy and decrease of range.

The average number of asperities in each specific part is
constant and with increasing the SDy the ratio of height to
base of the asperities (H/B ratio) increases and the asperities
become sharper. On the other hand, at a specific part of SDy
(Ex. 1.8 to 2) the asperities become more elongated with
decreasing the range. Asperities with high range and small
SDy showed a small H/B ratio and generated smoother
profiles. On the other hand, asperities with low range and
high SDy are asperities with a high H/B ratio and hence the
asperities become larger. Fig. 13 represents a conceptual
classification for general shape of asperities. According to
the proposed algorithm, the values of roughness parameters
were calculated for each point in Fig. 13. The contour
diagrams of Z,, Z3 and Rp parameters are shown in Figs. 14,
15 and 16 respectively.

The contour diagrams of Z, are approximately
horizontal. This shows that asperities with high SDy and
low range have lower Z, (around the region H9). Asperities
with different shapes at specific regions have the same Z,.
As mentioned above the number of asperities at region H is
larger compared to regions O, J and A and increasing the

[SDy) (degraa)

Standard deviation of asperity angle

Standard deviation of asperitiy height (3Dw) (mm)

——5 —a—10 15 30 —e—50 +# SDA_original 4 SDA_equ.

Fig. 17 SDa as a function of SDy for primary roughness
at different range
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Fig. 18 SDa as a function of SDuyes for secondary roughness

number of asperities lead to large values of Z;. Fig. 15
shows that as the number of asperities increases the value of
Z3 increases which corresponds to the definition of Z3.

Variation of Z3 vs. SDy is more than that of Z, vs. SDy
Fig.16 illustrates contour diagram of Rp at different
geostatitical parts and regions. As can be seen, the
maximum value for Rp as similar as Z,, Zs. Large
differences in the results like the existence of the same
values of a parameters or different geostatistical conditions
illustrate that the Z,, Z3 and Rp consider some part of the
joint roughness description.

The contour diagrams is shown in Figs 14, 15 and 16
have not similar contour. It demonstrates that the statistical
parameters have large discrete. Accordingly comparison of
Figs 14, 15 and 16 display for a specific geostatistical
parameter, joint roughness parameters (Z», Z3, R, and SD4)
have a different result which leads to estimation of different
roughness.

6. Discussions

SD4 values for Barton profiles were calculated with Eq.
5, using the range and SDy values from Table 1. The results
are illustrated with triangles in Fig. 17. The SD4 of original
Barton profiles were also calculated directly from the
original Barton profiles (SDaorigina1) and are illustrated by
circles in Fig. 17. In most cases, SDa increases with
increasing roughness. In some cases, such as JRC 3 and 5,
the SD4 was decreased. The JRC 7, 9 and 11 have the same
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SDa approximately, but it is clear that the location of these
profiles in Fig. 17 is different. This difference is due to the
different shape of the asperities for these Barton profiles.
The predicted value differs significantly from the actual
value calculated directly from the Barton profiles.
Therefore, the trend of asperities (general shape of the
asperities, implemented in step 4 of the proposed algorithm)
has little effect on the SD4 value.

In order to investigate the effect of secondary roughness,
the trend of data was removed from Barton profiles
(primary roughness was omitted) and the values of standard
deviation of residuals (SDmures) were calculated. SDpyes 1S
changing between of 0.01 and 0.12 mm. The SDa values of
the secondary asperities were calculated at different
intervals.

Fig. 18 shows the classification of secondary asperities
for different geostatistical parameters. Similar to what was
observed in Fig. 17, with increasing SDpyres the SDa for
different intervals increases. SDa values for original Barton
profiles were calculated directly from the original Barton
profiles (SDaorgina) as illustrated in Fig. 18 by the rhomb
markers. SDj of the roughness was calculated using Eq. (5).
The values of a and B for the secondary roughness were
calculated 89.318 and -0.716, respectively. The SDaoriginal
and the estimated values are very close. The results show
that the secondary roughness has a great influence on the
roughness values.

7. Conclusions

In this study, a geostatistical method for generation of
two-dimensional joint roughness profiles over complex
terrain has been proposed in this study. Evaluation of joint
roughness profiles using geostatistical parameters showed:

* Changes of joint roughness are not independent of the
range

» The SDu and range of joint profiles have a great effect
on joint roughness parameters.

e According to the range and SDp, different
geostatistical parts for primary and secondary roughness
were classified.

* Parameters Z», Z3 and R, have different results at the
same geostatistical parameters

» The secondary roughness has a great influence on
roughness values

» The presented conceptual classification for the shape
of the asperities can be used as a useful method for the
description of joint roughness.

* In general, it can be concluded that examining the
shape and size of the asperities is a good solution to move
from the laboratory scale to the field scale.
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