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Highlights

New methodology to investigate the influence of roughness on the shear behavior of interfaces
Methodology to generate databases of synthetic rough rock surfaces with controlled roughness values
Establishment of numerical simulations as a strategy to perform extensive virtual experimental studies
The correlation between interface roughness and shear strength is not bijective.

Assessment of artificial neural network modeling as a complementary alternative to failure criteria

Abstract

This paper presents a new approach to determine more robust shear failure criteria, focusing on rough concrete-rock
interfaces. The proposed method could also be applied to rock joints. The new approach is based on the distribution
and variety of interfaces numerically tested in terms of surface roughness. For this reason, random field simulations
are performed using the turning bands method to generate an extensive database of synthetic rough rock surfaces.
With this database of synthetic rough rock surfaces, numerical simulations of direct shear tests are carried out. Finally,
analytical and neural network models are proposed using the database of shear strength obtained from the finite
element simulations to estimate the peak shear strength of concrete-rock interfaces. The performances of the analytical
and neural network models in estimating this peak shear strength are evaluated by computing the percentage error and
the mean absolute error (MAE) between the predicted and the numerically obtained values. Both models lead to
satisfactory predictions. Nevertheless, it is worth noting that the neural network model mildly outperforms the
analytical model regarding the magnitude of the error. Furthermore, the neural network model reproduces the possible
non-bijective aspect of the correlation roughness-peak shear strength.

Keywords: roughness, peak shear strength, random field simulation, numerical simulation, analytical model, neural
network model.

List of Symbols
y(h) Theoretical variogram function
Z(x) Random function
xandx +h Pairs of points in a certain domain separated by a distance equivalent to h
m(h) The mean or drift
c(h) Covariance function
E[i] Mathematical expectation (linear operator)
var[ii] Variance of a random variable
2y(h) Variance of a random variable
Cspn(h) Covariance function: spherical model
a Variogram range
b Variogram sill
z,(X) 3D realization obtained using a turning bands method
N, Number of lines in one-dimensional simulation of the turning bands method
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7 (< 0—)(;, u, >)  Realization of the turning bands method (1D)

N; Number of lines: turning bands method (1D)
C5(r) Three-dimensional covariance function
C, (1) Uni-dimensional covariance function
d Differentiation operator
Omax /d(Jé' +1) Grasselli roughness parameter
k, Normal stiffness
ks Shear stiffness
o’ Normal strength
T Shear strength
6g — ¢ Shear displacement
a Damage parameter
u Friction coefficient
Tp Peak shear strength
Op Normal stress
T Shear stress
b Basic friction angle
A, Maximum contact area during shear
o Tensile strength
c Cohesion
fun Neural network function
TNN Neural network predicted peak shear strength
MSE Mean squared error
MAE Mean absolute error
n Number of points considered in MAE and MSE
u Shear displacement
Uy, Shear displacement until contact between the two slabs in a direct shear test
T, Residual shear strength
Up Peak shear displacement
Au, Horizontal displacement before the peak
O Shear displacement at time i
T Shear stress at time i

1. Introduction

The shear behavior of interfaces is one of the most investigated subjects in rock mechanics. Since the early fifties, the
investigation of the shear behavior of interfaces culminates each year in dozens of scientific communications (Patton
1966; Bandis, Lumsden, and Barton 1981; Grasselli and Egger 2003; Saiang, Malmgren, and Nordlund 2005;
Moradian et al. 2010; Moradian, Ballivy, and Rivard 2012; Tian et al. 2015; Mouzannar et al. 2017) It is today accepted
that, within the range of normal stress useful for most geotechnical problems, the shear behavior of rock-rock and
concrete-rock interfaces are mainly influenced by the cohesion, the normal stress, the geometrical properties of the
interface, the roughness, and the basic friction angle. Despite this interest and the achievements in this area, it seems
that the research for more robust failure criteria linking the most influential parameters of the shear behavior to the
peak shear strength is still ongoing (Patton 1966; Ladany and Archambault 1969; Barton and Choubey 1977; Hoek
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and Brown 1980; Plesha 1987; Amadei et al. 1998; Grasselli and Egger 2003; Liu et al. 2017). In particular, the
influence of roughness in the shear behavior still needs more investigation.

Most studies are usually based on a handful of rough rock surfaces that hardly encompass a more comprehensive range
of roughness encountered in nature. This shortcoming is overcome in the present research by considering the number
and variety of rough rock surfaces. Many parameters have been proposed to quantify the roughness of rock surfaces
to estimate the peak shear strength. These roughness parameters are separated into two main groups, the 2D roughness
parameters (El-Soudani 1978; Myers 1962; Whitehouse 2023; Barton and Choubey 1977) and the 3D roughness
parameters (El-Soudani 1978; Grasselli and Egger 2003; Bryan S. A. Tatone and Grasselli 2009). Of all these
parameters, the JRC (Barton and Choubey 1977) and the 6;;,,,./(C + 1) (Bryan S. A. Tatone and Grasselli 2009) are
of particular interest in the problem of the estimation of the shear resistance of a rough interface. The JRC is based on
extensive experimental studies and back-calculation analysis. On the other hand, 6,,,,,./(C + 1) has a straightforward
geomechanical rationale. In this paper, the focus is on understanding the influence of roughness as a three-dimensional
entity on the shear resistance of concrete-rock interfaces under low normal loading (e.g: mid-height concrete gravity
dams and rock support systems on shallow excavation); this means that only the 3D roughness parameter 6;;,,,./(C +
1) (Bryan S. A. Tatone and Grasselli 2009) is used. Collecting rough rock surfaces with specified roughness values is
experimentally very challenging. For this reason, it is essential to define a methodology to generate artificially
synthetic rough rock surfaces. Random field simulation is an example of such a methodology. Random field simulation
has been recently used to generate synthetic rough rock surfaces. Casagrande et al. (Casagrande et al. 2018) performed
random field simulations to generate synthetic rough rock surfaces to estimate the shear strength of rock-rock
interfaces using a stochastic approach. Jeffery et al.(Jeffery et al. 2021) improved the rigor of the methodology
proposed by Casagrande et al. (Casagrande et al. 2018). The new methodology consists of transforming a 2D trace of
a discontinuity into three daughter profiles, performing the random field simulations using, as input, the parameters
of each daughter profile, and superposing the results of the three simulations into a single profile, which is then used
to obtain one 3D realization. Both Casagrande et al. (Casagrande et al. 2018) and Jeffery et al. (Jeffery et al. 2021)
use the local average subdivision algorithm (LAS) (Fenton and Vanmarcke 1990) to perform random field simulations.
Although this methodology is quite useful when only the trace of a rough rock surface is accessible, it still suffers
from the limitation of characterizing the roughness of rock surfaces using a single two-dimensional profile. In this
study, however, the turning bands method is selected to perform random field simulations using the three-dimensional
geostatistics characteristics of rough rock surfaces.

Even with a rich database of synthetic rough rock surfaces, it is still complex to properly assess the influence of
roughness on the shear behavior of interfaces. This complexity is caused by the challenge of performing many reliable
and repeatable experimental tests. For this reason, numerical simulations of direct shear tests are ideal to investigate
the influence of roughness on the shear behavior of interfaces once the numerical model is validated by experimental
results. Progress has been made on the numerical modeling of the shear behavior of concrete-rock interfaces. Badika
et al. (Badika et al. 2022), Tian et al. (Tian et al. 2015), and Zhao et al. (Zhao, Chen, and Zhao 2018) used the cohesive-
frictional model to simulate direct shear tests of concrete rock interfaces using the rough concrete-granite, smooth
concrete-dolomite, and foamed concrete-sandstone interfaces. This model is appropriate for investigating the shear
behavior of concrete-rock interfaces under low normal loading. Specifically, the calibrated and validated model
presented by Badika et al. (Badika et al. 2022) for bonded rock-concrete interfaces is used to simulate the direct shear
tests performed in the present paper.

With a sufficiently large database of shear history representing the numerical simulations of direct shear tests of
synthetic rough rock surfaces, it might be possible to propose more robust failure criteria. The general approach to
define a failure criterion is to define an analytical model based on the interpretation and understanding of the
underlying mechanisms active during the shear process (Grasselli and Egger 2003; Barton and Choubey 1977; Patton
1966; Ladany and Archambault 1969). This approach is one of the two approaches adopted in this research. The other
approach is to associate the understanding of the shear mechanisms active during shear with the computational
capability to recognize complex statistical patterns within the database of shear strength. In this second approach, a
failure criterion is based on artificial neural network modeling that can perform the same task as the analytical model.
Artificial neural networks (ANN) application in rock mechanics research has grown substantially in the last twenty
years. This growth has been fueled by the availability of powerful computers and data usually collected for mining
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engineering projects (Delavar and Ramezanzadeh 2023; Khandelwal and Singh 2009) and the advances in machine
learning research overall (Krizhevsky, Sutskever, and Hinton 2017). The advances in machine learning have
positioned artificial neural network models as a possible alternative to numerical simulations (Furtney et al. 2022),
analytical models(Dantas Neto et al. 2017), and or experimental studies (Sakaridis, Karathanasopoulos, and Mohr
2022; Furtney et al. 2022). Furthermore, ANN models have been used extensively to estimate the rock properties,
such as the compressive strength of rock(Furtney et al. 2022; Meulenkamp and Grima 1999; Rabbani et al. 2012;
Yesiloglu-Gultekin, Gokceoglu, and Sezer 2013; Jahed Armaghani et al. 2016; Rajesh Kumar et al. 2013), elastic
modulus (Rajesh Kumar et al. 2013), and the major principal stress(Rukhaiyar and Samadhiya 2017).

In this paper, random field simulations are carried out using the turning bands method to generate an extensive
database of synthetic rough rock surfaces. Finite element simulations of direct shear tests of concrete-rock interfaces
are performed using the database of synthetic rough rock surfaces. The results of these numerical simulations yield a
database of shear strength. This database of shear strength is then used to propose two methodologies to estimate the
peak shear strength of concrete-rock interfaces.

2.  Generation of synthetic rough rock surfaces

The generation of synthetic rough rock surfaces proceeded in three main steps (Fig. 1). First, the fields of heights of
asperities representing each interface tested are normalized. Second, the normalized data obtained is used in the
variogram analysis, yielding parameters characterizing each field in terms of spatial correlation and variance. Last,
these characteristic parameters are used as inputs of random field simulations to generate synthetic rough rock
surfaces. More details about each of the steps are presented later.

For the generation of synthetic rough rock surfaces in this study, roughness data collected by El Merabi (El Merabi
2018) was used. This data was obtained by scanning rough granite blocks used to generate bonded concrete-rock
samples. These samples were used to perform direct shear tests as part of an extensive experimental study designed
to investigate the influence of roughness on the shear behavior of concrete-rock interfaces.

2.1 The roughness of rough rock surfaces as a random function

Every field of heights of asperities representing a rough rock surface is a dataset that maintains the concept of
regionalization since each field value is correctly associated with a specific location in a physical space and maintains
a correlation with other heights of asperities located in its surroundings. Moreover, it is very challenging to define a
deterministic function that fits all the heights of asperities composing the field. Therefore, a probabilistic approach to
characterize the field of heights of asperities is more suitable. Furthermore, the probabilistic approach introduces the
concepts of randomness, such as each field value can be envisioned as a result of a random mechanism. Therefore,
the association of regionalization and randomness is the base of the definition of random function (Wackernagel 2003).
This association means that the roughness of rough rock surfaces can be considered a random function. Consequently,
the random field theory can be used to simulate synthetic rough rock surfaces. The process of the random field
simulation to generate synthetic rough rock surfaces is displayed in Fig. 1. The detailed method to statistically analyze
the roughness data (steps 1 to 3) is explained in section 2.2. The random field simulation (step 4) is further developed
in section 2.3. Eventually, the complete process applied to the generation of the synthetic rock surfaces for the present
research is described in section 2.4.
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Fig. 1 Synthetic rough rock surface generator using random field simulation

2.2 Statistical and geostatistical data processing

The methodology for simulating random fields in this work requires the data to be normally distributed. Unfortunately,
the distribution of heights of asperities constituting the rough rock surface, as many other properties of interest in rock
and soil mechanics, do not automatically follow a normal (or Gaussian) distribution (Fenton and Griffiths 2008;
Casagrande et al. 2018). Therefore, the quantile-to-quantile normal score transformation is used to normalize the
distribution of heights of asperities (Deutsch and Journel 1998; Pyrcz and Deutsch 2020). An illustration of this
transformation for one rough granite surface is presented in Fig. 2.

A further requirement for the simulation of random functions using the random field theory is that the statistical
characteristics of the first and the second moment (mean and variance) must remain constant within the domain. This
requirement is the consideration of stationarity. In this research, the intrinsic stationarity hypothesis is used. This
hypothesis means that the stationarity has to be satisfied only for the sums of differences between pairs of points,
leading to the concept of variogram (Wackernagel 2003).

A variogram function is an expression of the dissimilarity between pairs of points x and x + h and is computed using
Eq. (1).

1
y(W) = SE[Z(x +h) = Z(x))*] M

In this research, the interest is in the generation of fields of correlated data. For this reason, the expression of similarity
is more desired than the expression of dissimilarity. Consequently, the covariance function is used in the random field
simulation instead of the variogram function.

E[Z(x+h)—Z(x)]=m(h) =0 )

var[Z(x + h) — Z(x)] = 2y(h) 3)
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Fig. 2 Data transformation: the nscores obtained are the normalized distribution of heights of asperities of a rough
granite surface (step 2 of the synthetic rock surface generation process)

For all points x and x + h, the covariance function is defined according to Eq. (4).

E[Z() Z(x + )] — (E[Z(x)D? = C(h) (4)

The variogram function can be computed using the covariance function;

y(h) = C(0) - C(h) ©)

The covariance function used in this research is the spherical model, Eq. (6). This model is selected because it best
fits the shape of point cloud values obtained after calculating variograms of rough granite surfaces. The quality of
fitting the covariance function to the shape of the variogram points calculated is important because these functions are
designed to capture the general characteristics of a field. Using covariance functions instead of simple variogram
points is necessary to add a physical meaning to the characterization of a field (Wackernagel 2003).

(1 3 |h| N 1h3
Copn(h) = 2a 2ad
0 for|h| >a

)forOSIhISa ©)

where a represents the range and b represents the sill.

The spherical covariance function is defined using three parameters: the nugget effect, the range, and the sill. The
nugget effect is associated with the unreliable variation of variogram values when smaller distances between pairs of
points are considered. According to Eq. (1), this means smaller values of h. This parameter is not considered in the
present study because the rough granite surfaces used in the variogram analysis are small and well-sampled. The range
a is the distance between pairs of points at which the values of the variograms begin to stabilize. The variogram value
when the range a is reached is called the sill b. The range a is an expression of the correlation distance between the
points of a field. The sill b can be interpreted differently depending on the geostatistical context. In this study, the sill
is an expression of the variance of the data used in the computation of variograms. Since all the data are normalized,
the sill is limited to one. This consideration can be interpreted as if the variogram values are above the sill, the data
are inversely correlated. The data are directly correlated if the variograms are below the sill (Samson and Deutsch
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2021). The range a and the sill b are used as the inputs of the random field simulations aiming at reproducing the
correlation between the points with controllable variance.

In this study, the fields of heights of asperities obtained by scanning rough granite surfaces are first normalized, then
the normalized data obtained is used to compute variograms. The variogram points are fitted to a spherical covariance
function defining the range a and the sill b. The range a and the sill b obtained are used in the random field simulation
presented hereafter to obtain new synthetic rough rock surfaces with similar correlation distance and controllable
variance.

The simulation of random fields, as implemented in this research, is restricted to isotropic random fields; this means
that the covariance function is assumed to be constant independently of the direction of the vector h.

Fig. 3 shows the result of a variogram analysis of a natural rough granite surface in two directions, yielding two
combinations of sill and range (covariance parameters) used as input for two random field simulations: (1, 25) and (1,
20).

1.6 1.6
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1.4 14
1.2 12 « X x )
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Eual Eantk X
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Lag Distance (h), (mm) Lag Distance (h) (mm)

Fig. 3 Variogram analysis of rough rock surfaces (step 3 of the synthetic rock surface generation process)

23 Simulation of random fields using the turning band method

Random field simulations are carried out using as inputs the range a and the sill b of spherical covariance functions
used to fit the variograms computed using the points cloud representing the heights of asperities of rough granite
surfaces. The outputs obtained in these simulations are fields of heights of asperities denominated synthetic rough
rock surfaces. These synthetic rough rock surfaces have geostatistical characteristics (range a and sill b) within an
acceptable range of the ones of the input of the random field simulation. Synthetic rough rock surfaces with defined
roughness values are then selected from the database of synthetic rough rock surfaces generated.

This research uses the turning bands method to perform random field simulations. This method has a solid
geostatistical background and uses variogram analysis. A summary of the method is provided below. A more detailed
presentation of the turning bands methods can be found in the literature (Chilés and Delfiner 2012; Journel and
Huijbregts 1976; Mantoglou and Wilson 1982; Matheron 1973).

The turning bands method reduces two-dimensional and three-dimensional problems into unidimensional ones.
Consequently, instead of performing three-dimensional simulations straight away, a series of unidimensional
simulations are carried out along a set of lines. Then, a single regionalized value of a realization is obtained using the
projected values in the unidimensional realizations according to Eq. (7).
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Where N, the number of lines and the subscript s indicates the simulated synthetic value.

The direct relationship between the three-dimensional covariance function and the unidimensional covariance function
is given by Eq. (8); the demonstration of this equation can be found in Mantoglou and Wilson (Mantoglou and Wilson
1982) and Matheron (Matheron 1973).

6= SGE] ©

Where C; () is the unidimensional covariance function, and C;(r) is the three-dimensional covariance function. C5(r)
is computed using data from three-dimensional data representing a natural rough rock surface. In this project, the
spherical covariance function is used to fit the variogram, that is to say C5(r) computed according to Eq. (6). Thus, a
unidimensional equivalent of a spherical covariance function can be determined using Eq. (9).

p(1-374 27 foro < nl <
Cip(h) = a a for0s= =

0 for |h| >a

)

Furthermore, the implementation of the simulation of the random field using the turning bands used in this research
is based on the Matlab computer program presented in Emery and Lantué¢joul (Emery and Lantuéjoul 2006).

24 Results of the synthetic rough rock surface generator

As stated in section 2.1, the random field simulation to generate synthetic rough rock surfaces proceeds in six steps
(Fig. 1).

The first step involved collecting the roughness information of natural rough rock surfaces. Granite blocks with natural
rough surfaces were scanned using a laser-based scanner. The distance between the scanned points is 0.025 mm, and
the vertical resolution of the scanner is 0.05 mm. The selection of this point density is based on the discussion of the
effect of point spacing in the roughness characterization and the peak shear strength estimation (B. S.A. Tatone,
Grasselli, and Cottrell 2010), and the vertical resolution is adequate for the scale of this study. From the scanning,
localized fields of heights of asperities were obtained. The collected data is then interpolated using Matlab functions
to get fields of asperities with a regular grid. This regularization of the grid makes the computation of the roughness
and the variograms easy. Fig. 4 illustrates how this step is applied to the present study.

The second step involved applying the quantile-to-quantile normal score transformation to obtain normal distributions
of the fields of heights of asperities. Fig. 2 illustrates how this step is applied to the present study.

The variogram analysis is carried out in step three. This analysis determines the covariance function parameters used
as inputs of the random field simulation. Fig. 3 illustrates the result of a variogram analysis applied to the present
study.

In step four, the random field simulation using the turning bands method is carried out. Fig. 5 illustrates the theoretical
variogram from which the simulation inputs were drawn, the variograms of the simulated fields, and the average of
the variograms of the simulated fields.
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In step five, the back-transformation is carried out to transform the synthetic surfaces obtained from normal
distribution to the original distribution of the field used as input. Fig. 6 illustrates two synthetic rough rock surfaces
generated.

The last step is the computation of roughness parameters of the synthetic rough rock surfaces to select synthetic rough
rock surfaces with specific roughness values. The roughness characterization is performed using the Grasselli
roughness parameter ;,,,,/(C + 1) (Bryan S. A. Tatone and Grasselli 2009). Fig. 7 shows the 334 synthetic rough
rock surfaces selected for finite element simulations of direct shear tests of concrete-rock interfaces to study the effect
of roughness on the shear behavior of interfaces. The roughness of the 334 synthetic rough rock surfaces generated in
this study (Fig. 7) varies between 6° and 24°(0,y,,,./(C + 1)).
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Fig. 4 Scanning rough rock surface (step 1 of the synthetic rock surface generation process)
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generation process)

3. Finite elements simulations

3.1 The rationale of the numerical simulation

The finite element simulations performed in this research are based on the experimental and numerical study of the
shear resistance of concrete-rock interfaces in the condition of low normal stress presented in Badika et al.(Badika et
al. 2022). These authors reported a series of direct shear tests of smooth concrete-granite, bush-hammered concrete-
granite, and natural rough concrete-granite interfaces using three levels of normal stress: 0.5, 1.0, and 1.5 MPa. These
tests were performed under constant normal loading (CNL). Details regarding the direct shear test machine used are
presented in Boulon (Boulon 1995). A complete presentation of the mechanical characterization of concrete and
granite as intact materials is presented in the literature (Mouzannar 2016; El Merabi 2018). The analysis of this
experimental study led to three significant observations. The formation of strong concrete-rock bonds depends on the
micro-roughness of the granite surfaces. The macro-roughness of the granite surfaces influences the shear behavior of
concrete-rock interfaces through surfaces interlocking. Depending on the normal stress, two failure modes are
possible: the first failure mode (with a normal stress of 0.5 MPa) proceeds along the interface with no significant
damage in either concrete or rock, and the second failure mode (with a normal stress of 1.0 and 1.5 MPa) proceeds
mainly along the interface but also shears the tips of concrete. Overall, this experimental study shows that the shear
behavior of concrete-rock interfaces happens at the interface and is driven by the micro-roughness and macro-
roughness of the rock surface.

Since failure is observed mainly at the interface, the choice was made to concentrate on the non-linearities at the
interface. With these outcomes, the cohesive frictional model proposed by Tian et al. (Tian et al. 2015) was used to
simulate the shear behavior of concrete-rock interfaces. In this model, the behavior law simulates the micro-roughness
and, therefore, the concrete-rock bonds. The calibrated cohesive-frictional model presented by Badika et al. (Badika
et al. 2022) is used in the present research. In this model, the local evolution of the shear stress is composed of three
successive phases. The first phase is linear elastic and mainly driven by the concrete-rock bonds. The second phase is
characterized by a progressive failure of the bonds (using a damage constitutive law) and progressive friction
mobilization. The third phase is driven by friction. The equations of the cohesive-frictional model are detailed in
(Badika et al. 2022). The calibration of the parameters of this model was performed using the results of direct shear
tests of bush-hammered concrete-granite interfaces. The influence of the concrete strength in the second failure mode
leads to a different value of the parameters used in the interface constitutive law. This is why there are two sets of
parameters for the calibrated model, presented in Table 1. The explicit representation of the rough rock surface
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introduces the influence of macro-roughness. Apart from the interface, concrete and rock are considered linear elastic
materials, with properties displayed in Table 2.

Table 1 Parameters of the model (Badika et al. 2022)

Cohesive P ¢ First failure mode Second failure mode Unit
frictional model arameters (0.5 MPa) (1.0 - 1.5MPa)
Normal stiffness 15 15 GPa/m
Shear stiffness 7.5 4.5 GPa/m
Normal strength 1 1.4 MPa
Cohesive part Shear strength 1.2 1.6 MPa
Shear displacement 0.9 2.25 mm
Rate of damage
. 4 4 -
evolution
Frictional part friction coefficient 0.7 0.65 -
3.2 Preparation of the simulation

The point clouds representing the field of heights of asperities composing the rough rock surfaces were generated
using random field simulations (refer to section 2). Then, the point clouds generated were converted into surfaces
through interpolation. Each surface obtained was used to create a 3D solid part using Comsol, which was later
imported into Abaqus. With this imported 3D solid part and the merge and cut tool in Abaqus, two perfectly matched
parts were generated to represent the concrete and granite blocks for the simulation of the direct shear test.

The mesh size was defined such that the macro-roughness of the rock surface is faithfully represented. The average
mesh size of 4 mm was used. The fully integrated eight-node brick element (C3D8) was selected for the simulation.

After meshing, there is a possibility of initial overclosure. The initial overclosure is when the mesh generation modifies
slightly the contacting surface of the two bodies such that they might have a few nodes that intrude on each other. To
deal with this issue, strain-free adjustments of the intruding nodes are conducted. These adjustments modify the
position of the nodes at the interfaces to ensure that concrete and granite blocks are not intruding on each other. This
procedure has no significant consequence in representing macro-roughness but is necessary for the convergence of
the solution.

The boundary conditions are set to reproduce experimental conditions, see Fig. 8. The normal stress is applied as the
pressure in the top part of the half shear box (y direction). The shear boxes apply the shear loading as displacement
(x-direction), and no motion is allowed in the third direction (z-direction).

The properties of the concrete, rock, and encasing steel box used in the simulation are presented in Table 2.

It should be noted that only two levels of normal stress are considered: 0.5 and 1.5 MPa, and the nominal area of the
interface is 100x100 mm?.
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Table 2 Properties of concrete, granite, and steel

. Density ~ Young’s Poison’s
Material (kg/m3)  modulus (Gpa) ratio
Concrete 2370 38 0.20
Granite 2608 60 0.25
Steel 8000 193 0.29
33 Results of the finite element simulations

Fig. 9 presents a selection of the results of the virtual direct shear tests of synthetic rough rock surfaces for each failure
mode mentioned in section 3.1. The shear evolution obtained comprises a pre-peak phase followed by a post-peak
phase and is completed by a residual phase. The succession of these phases is the reproduction of the main stages
encountered in experimental results of the direct shear tests of concrete-rock interfaces (Saiang, Malmgren, and
Nordlund 2005; Moradian, Ballivy, and Rivard 2012; Moradian et al. 2010). From both figures, it is clear that the
roughness of the interfaces influences the peak shear strength. Furthermore, these figures also show that the peak shear
strength depends on the normal stress. It should be pointed out that all the 334 interfaces virtually tested have different
roughness values.

Fig. 10 shows the peak shear strength of the interface in terms of roughness. The correlation coefficients between the
peak shear strength and the 6y, /(C + 1) are 0.88 and 0.85 for the simulations performed with 0.5 and 1.5 MPa,
respectively. These results show that the peak shear strength maintains a strong correlation with the roughness of the
interface when the normal stress is below 1.5 MPa.
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Fig. 10 Peak shear strength in terms of roughness; (a) normal stress 0.5 MPa and (b) normal stress 1.5 MPa

Fig. 10 also shows that interfaces with the same or very similar roughness values do not always result in the same
peak shear strength. This observation indicates that the relationship between the roughness and the peak shear strength
is not always one-to-one. The reason for the non-unicity roughness-peak shear strength could be related to the global
aspect of the roughness parameter. In fact, 6,,,,/(C + 1) evaluates the global roughness of a rock surface and does
not focus on the local influence of roughness. Rulli¢re et al. (Rullicre et al. 2020) also reported a similar observation.
This observation indicates that the local aspect of roughness explicitly considered in the finite element simulations
can significantly influence the shear behavior of interfaces.

Overall, the results of the finite element simulations constitute an extensive database of shear evolutions in terms of
the roughness of interfaces tested. With this database, two approaches are used to define a failure criterion for concrete-
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rock interfaces under low normal loading. The first failure criterion proposed is an analytical relationship, while the
second is a function based on neural network modeling.

4.  Peak shear strength criterion for rough concrete-rock interface

4.1 Development of a new failure criterion for rough concrete-rock interfaces

The proposed peak shear strength criterion for concrete-rock interfaces under the CNL condition is based on the peak
shear strength criterion for rock joints subjected to the CNL condition developed by Grasselli and Egger (Grasselli
and Egger 2003); see Eq. 10.

T, = Oy tan [q)b + (eﬁéax) | ] [1 + e‘(ﬁ%ﬁé)(‘é—?)] (10)

where T, is the peak shear strength. g, is the normal stress. ¢, is the basic friction angle. 8,4, /C is the roughness
parameter. 4, is the maximum contact area during shear. g, is the tensile strength of the rock.

The contribution of roughness in this shear strength criterion can be replaced by the updated expression of roughness
presented by Tatone and Grasselli (Bryan S. A. Tatone and Grasselli 2009); this yields Eq. 11.

T, = 0oy tan [q)b + (g:fi) | ] [1 + e_(ecnflx)(fr_:)] (11

where 6,;,,,./(C + 1) is the roughness parameter.

For the case of concrete-rock interfaces under low normal stress, the failure criterion depends on both friction and
cohesion. The cohesion is crucial in the case of low normal stress because its contribution to the shear resistance of
the interface is significant and cannot be ignored. Therefore, the cohesion of the concrete-rock interface is included in
Eq. 11, generating Eq. 12. Eq. 12 is a failure criterion for concrete-rock interfaces.

T, = O, tan [cl)b + (s:f};) | ] [1 + e‘(ec“f‘f‘)(i—i‘)] +c (12)

For the synthetic rough rock surfaces generated, 8;,,,/(C + 1) varies between 6° and 24°. The normal stress in the
finite element simulations is 0.5 and 1.5 MPa. If one assumes the tensile strength is equivalent to 1 MPa,
e~ Omax/(C+D)(on/o8) varies between 0 and 0.08 and can be neglected in Eq. 12. This generates Eq. 13

*

9 1.8
T, = O, tan [d)b + (C:'_a);) ] +c (13)
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Eq. 13 represents the proposed peak shear strength criterion for rough concrete-rock interfaces in the case of low
normal stress.

4.2 Validation of the new failure criterion for rough concrete-rock interfaces

The shear responses obtained in the finite element simulations of direct shear tests using synthetic rough rock surfaces
are used here to assess the capability of the proposed failure criterion to estimate the peak shear strength of the
concrete-rock interface.

For each synthetic rough rock surface virtually tested, its normal stress o,,, basic friction angle ¢, (30°), roughness
parameter 07,4, /(C + 1) and cohesion are used as input of Eq. 13 to obtain the estimated peak shear strength 7,,.

The cohesion of concrete-rock interfaces depends on the normal stress, the failure modes, and the strength of the
concrete-rock bonds. The cohesion of the concrete-rock interface is usually determined indirectly using the fitting of
the Mohr-Coulomb failure envelope computed, for example, using the results of direct shear tests. For the cohesion
defined using this approach to be valid, all the shear test results must be within a range of normal stress representing
the same failure mode.

In the specific case of concrete-granite interfaces under low normal stress, as considered in this research, the cohesion
is determined using the results of the direct shear tests of bush-hammered concrete-granite interfaces. The fitting
includes the shear strength of interfaces under three normal stress levels: 0.5 MPa, 1.0 MPa, and 1.5 MPa. Within this
interval of normal stress, two failure modes were identified (El Merabi 2018). The cohesion defined using the data of
the two failure modes is expected to be underestimated in the case of shear strength under 0.5 MPa of normal stress
and overestimated in the case of normal stress between 1 and 1.5 MPa. The computation of the failure envelope yields
a cohesion of 0.83 MPa. Updating this value for the two failure modes produces a 0.99 and 0.69 MPa cohesion.

The peak shear strength of all the synthetic rough rock surfaces simulated using Eq. 13 is presented in Fig. 11 (a) for
the first failure mode and in Fig. 11 (b) for the second failure mode. The correlation coefficient between the estimated
and the simulated peak shear strength is 0.91 for the first failure mode and 0.90 for the second failure mode. These
coefficients show that the proposed peak shear strength criterion can estimate the peak shear strength of concrete-rock
interfaces under low normal stress.

The percent error of the estimated peak shear strength compared with the finite element simulated peak shear strength
is presented in Fig. 12 (a) for the first failure mode and Fig. 12 (b) for the second failure mode. Positive and negative
percent errors are used to indicate underestimation and overestimation. Fig. 12 (a) and Fig. 12 (b) show that the percent
error of the model is within fifteen percent for the first failure mode and twenty percent for the second failure mode.
Furthermore, the shape of these two figures is associated with the inclusion of the roughness value inside a tangential
operation in the proposed failure criterion (Eq. 13). It must be stressed that the two failure modes were defined for
concrete-granite interfaces where shear failure mostly occurs along the interfaces for normal stress below 1.5 MPa.
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From Fig. 12, it is clear that Eq. 13 supposes that the relationship between the roughness and the peak shear strength
is one-to-one. Indeed, the local roughness seems to influence the shear resistance of the interface significantly. To
address the limitation of the bijective nature of the relationship roughness-peak shear strength as assumed in Eq. 13
and to take advantage of complex statistical aspects of the database of shear evolutions obtained by finite element
simulation of direct shear tests of synthetic rough rock surfaces, a neural network modeling is investigated as a
complementary alternative to define a failure criterion for concrete-rock interfaces.

5.  Peak shear strength of concrete-rock interfaces using neural network modeling

The neural network model is set as a function fyy that predicts the peak shear strength (7yy) of a concrete-rock
interface using the normal stress (o,,), the basic friction angle (®;) and the roughness parameter 6;,,,,/(C + 1), see
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Eq. 14. This function is very similar to the peak shear strength criterion presented in section 4; they both use the same
input parameters and intend to estimate the same output parameter.

fn + o %.%} > tun) (14)

51 Neural network modeling

5.1.1 Dataset

The data for the neural network modeling is composed of 334 entries (rows). Each entry is composed of four values
(columns). The first value is the normal stress o,, used in the simulation. The second value is the basic friction angle
®,,. The third value is the roughness 8;;,,,./(C + 1), which represents the roughness of a simulated synthetic rough
rock surface. The last value is the peak shear strength (7zz), the highest shear stress recorded in the shear response
obtained via finite element simulation of direct shear test. The normal stress g,,, the basic friction angle @, and the
roughness 0;,,,,./(C + 1) are the input data, while the peak shear strength (7z5) is the expected output data. The entire
data contains 1336 data points.

The columns of the data are feature-wise normalized to make the training of the neural network easier. The feature-
wise normalization consists of subtracting each value from the mean of the column and dividing by the standard
deviation of the column.

The data is randomly separated into two sets to train the model: the training and the validation datasets. The training
dataset is used to train neural network models. The validation dataset is used to test the performance of trained neural
network models.

The proportion of the split is 50% of the data is the training dataset, and 50% is the validation dataset. The division
attempts to maintain the distribution of the data. Fig. 13 illustrates this data separation.
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Fig. 13 Training and validation datasets
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5.1.2  Training of the neural network model

After the preparation of the datasets, a brief insight into how the neural network is trained to receive as input the
normal stress g,,, the basic friction angle @, and the roughness 6;,,,/(C + 1) and to produce as output the peak
shear strength 7, is presented.

A typical neural network architecture comprises an input, hidden, and output layer. The input layer is fed with the
input data, the hidden layers transform the input data into valuable statistical representations, and the output layer
provides the prediction or the output data. Fig. 14 presents an illustration of the architecture of a neural network for
the estimation of the peak shear strength of concrete-rock interfaces 7, using as inputs the normal stress o,,, the basic
friction angle @, and the roughness 6,,,,,./(C + 1).

Layers of neural networks are composed of one or multiple neurons (Fig. 14). The neurons carry out the
transformations that layers apply to the input data (o,,, @}, O;rax/(C + 1)). A neuron computes the weighted average
of the incoming inputs, uses an activation function, and returns an output value. The weights constitute the parameters
of the neural network model. In most cases, including this study, the activation function adds non-linearity to the
inputs to produce an output.

A detailed representation of a neuron is shown in Fig. 15. In this figure, if the neurons belong to the first layer after
the input layer, X; is equivalent to (a,,, @}, Ormax/(C + 1)). If the neurons belong to the output layer, Y is equivalent
to the estimated peak shear strength 7,,y. Otherwise, X; are transformations resulting from the preceding layer, and Y
is a transformation passed on to the next layer.

The training of the neural network is the attempt to find the appropriate values for the weights w; of the neurons (Fig.
15) to be able to associate inputs (0, @y, Omnax/(C + 1)). to output (Tyy)

During one pass of the training of a neural network, the input layer receives one or multiple entries (a,,, @y, O/ (C +
1)). from the training dataset. The hidden layers use operations performed by the neurons to transform the input data
into more valuable representations. The output layers use the generated representations to predict the output values
(tyn)- The predicted values are then compared to the expected values (tz5) using the loss function; this generates the
loss score, which is then used by the optimizer to modify the weights w; using a back-propagation algorithm. Notably,
the parameters of the neural network model are randomly initialized before the first pass.
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It should be noted that the batch size is the number of entries of the training dataset fed to the neural network during
a single pass. A batch size of 8 is used in the training of the ANN in Fig. 14. An epoch is an iteration consisting of
one or multiple passes during the training of the neural network model completed when all the training dataset has
been used to find the best parameters (weights, w;) of the neural network model (a single epoch “i” is presented in
Fig. 14).

It is important to note that the ANN used in this study can be correctly classified as a Deep neural network (DNN).
However, as considered in this study, the problem of predicting or estimating a value or a series of values constitutes
the regression problem. Since the DNN developed has been learned by exposure to correct mapping (input data —
known output), it can be classified as a supervised learning algorithm.
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X2 WZ me

- b= Z X x w; —» ReLU(t+bias) —» Y
X3 — j=1

W/’“ Sum Activation function ~ Output
X,, Weight
Input

Fig. 15 Neuron of a neural network

During training, after each epoch, the performance of the updated neural network model is assessed using the
validation dataset. The report of the performance of successive neural network models on the training and validation
dataset is called the learning curve. From the learning curve, the best neural network model can be selected.

During the training of the model to estimate the peak shear strength of concrete-rock interfaces tyy, different
architectures composed of different numbers of layers, different numbers of neurons per layer, and different batch
sizes were assessed. This assessment, called hyperparameters analysis, is important to determine the best architecture.
The report of the hyperparameters analysis is presented in section 5.2.

All the architectures of the neural networks analyzed start with an input layer that receives the input parameters of the
model; this means the normal stress a,,, the basic friction angle @; and the roughness 6;,,,,/(C + 1). The input layers
are followed by hidden layers, each with a defined number of neurons. The result of each neuron is obtained using the
activation function ReLU (rectified linear unit). This function screens out all the negative values. After the data
contained in each batch has been estimated by the neural network as part of a single step of an epoch, it is important
to assess the quality of the performance of the neural network. This assessment is carried out using a loss function.
The mean squared error (MSE) presented in Eq. 15 is the loss function used in this study. The optimizer uses the
outcome of the loss function to modify the weights of the neural network to improve the performance of the model in
the next step.

n
1
MSE = ;Z(TNN — tpe)? (15)
i=1

Where n is the number of data, Ty is the peak shear strength predicted by the neural network, and 75 is the peak
shear strength obtained by finite element simulation, 7,5 are part of the datasets.

The optimizer used is ADAM (Adaptive Momentum Estimation) (Kingma and Ba 2015). The mean absolute error
(MAE) is used as a metric to assess the performance of the neural network model trained to estimate the peak shear
strength of the concrete-rock interface after each epoch (see Eq. 16).
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The output layer is the last layer that predicts the peak shear strength 7.

Furthermore, all the codes used were developed in Keras. Keras is a deep-learning framework for Python where neural
network models can be set, trained, and assessed (Chollet 2021). TensorFlow backend engine handled tensor
operations and differentiation (Abadi et al. 2016).

5.2 Results of the neural network modeling

This section comprises two parts: the hyperparameters analysis and the presentation of the results of the neural network
model focusing on estimating the peak shear strength.

5.2.1 Hyperparameters analysis

The hyperparameter analysis is carried out to define the best neural network architecture for the estimation of the peak
shear strength T,y of concrete-rock interfaces. The hyperparameters considered in this analysis are the number of
layers per neural network, the number of neurons per layer, and the batch size. For each hyperparameter, neural
network models with different architectures are assessed regarding the quality of the estimation of the peak shear
strength T, when tested using the validation dataset (a,,, @}, Omax/(C + 1), Trg). This assessment uses the MAE
(Eq. 16) as a performance indicator.

To consider the oscillations of the performance of models when the training process is repeated, for each neural
network model considered, the training was repeated five times, and only the average performance was reported.

Fig. 16 (a) shows the influence of the number of layers on the performance of the neural network models. Each point
in this figure is equivalent to the best performance obtained after completing training a model. The performance of
the models increases with the increase of the number of layers m when m is between 2 and 6. It remains constant or
tends to decrease afterward. Therefore, the number of layers of 6 was adopted for subsequent analysis.

0.20 1.8
— Training mae — Validation mae — Training mae — Validation mae
0.18 |
15t

0.16
— —~12
e e

0.14
= =
= =09
(0] (0]
© 0.12 ©
= = 06

0.10 |

0.08 | 03}

0.06 . . . . . . s s 0.0 . . . . . s .

0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16
Number of layers Number of neurons
(a) (b)

21



522
523
524

525
526
527
528

529
530
531

532
533
534

535
536
537
538

539

540
541

542
543
544
545

546
547

0.32 0.16

— Training mae — Validation mae
0.28 | 0.15 F
. . .

0.24 | 0.14 | . .

— — * . *
L E - . . .
& 020 S 013 . - it Ve o L
L]

\2-/016- EOIZ-’.' e w o DR ....oo..o.. .

N ‘ .
) % .o ° o .f ® N. . .,
o . 3 . . .
s 0.12 s 0.11 ® e . . . ° . .

L]

0.08 [ 0.10 | e . i

0.04 | 0.09 |

0.00 . . . . . . . . 0.08 b . . . . . . . . . .

0 8 16 24 32 40 48 56 64 0 10 20 30 40 50 60 70 80 90 100
Number of batches Model
(© (d)

Fig. 16 Results of hyperparameter analysis: (a) influence of the number of layers, (b) influence of the number of
neurons, (c) influence of the batch size, and (d) variation of the ANN model

Fig. 16 (b) shows the influence of the number of neurons per layer on the performance of the neural network. The
performance of the models increases with the increase of the number of neurons per layer n when n is below 6. Beyond
this limit, the performance of the model becomes insensitive to the rise of n. A number of neurons of 10 is adopted
for subsequent analysis.

The last hyperparameter to consider is the batch size. Batch sizes varying from 2 to 64 were investigated. From Fig.
16 (c), it is clear that increasing the batch size reduces the performance of the neural network. Therefore, the batch
size of 8 was adopted.

From this analysis, the architecture of the most suitable model for estimating the peak shear strength of concrete-rock
interfaces contains one input layer, six hidden layers, each composed of ten neurons, and one output layer that predicts
the peak shear strength .

The training of the model to predict the shear strength 7, using the defined neural network architecture is repeated
100 times to assess the variation in the performance of the model. The results of this analysis are presented in Fig. 16
(d) and show that the variation in the performance of the model is not significant with an MAE (Eq. 16) between 0.10
and 0.15 MPa.

5.2.2 Performance of the neural network model

The history of the performance of the neural network models during training is presented in Fig. 17. The selected
model has a high performance with an MAE of 0.10 MPa in the training data and 0.11 in the validation data.

Fig. 18 (a) presents the estimation of the model when tested with the validation dataset. The correlation between the
finite element obtained peak shear strength and the neural network predicted peak shear strength is 0.96 with an MAE
of 0.11. Fig. 18 (b) shows the error of the neural network model prediction on the validation dataset compared to the
finite element base values. The variation of the prediction error is around 20% and is encouraging.

The two trends observed in Fig. 18 (b) are related to the two normal stresses used in the finite element simulation with
normal stress of 0.5 and 1.5 MPa. See section 3.
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Fig. 18 (a) Finite eclements (FE) obtained peak shear strength in terms of neural network (NN) predicted peak shear
strength (validation dataset), and (b) NN predicted peak shear strength in terms of the roughness and percent error
(validation dataset).

6. Assessment of the two failure criteria using experimental data

The performance of the two approaches for estimating the peak shear strength of concrete-rock interfaces is assessed
using the experimental results of direct shear tests of rough concrete-granite interfaces submitted to 0.5, 1.0, and 1.5
MPa of normal stress. The results of these tests were briefly discussed in section 3.1 and are fully reported in El
Merabi(El Merabi 2018).

However, before applying the two models, the roughness data of the interface tested was interpolated to generate
gridded data with a point spacing of 1 mm. This interpolation is important to reach the same point spacing of the
synthetic rough rock surfaces used in the finite element simulations and analysis, leading to the two failure criteria.
This pre-processing is inspired by the discussion of the influence of point spacing on the computation of roughness
and failure criteria, presented by Tatone et al. (B. S.A. Tatone, Grasselli, and Cottrell 2010).
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Fig. 19 (a) presents the results of the estimated peak shear strength obtained using the analytical model in terms of the
experimentally obtained peak shear strength. The correlation of the estimated in terms of the experimentally obtained
peak shear strength is 0.20 for the first failure mode (normal stress of 0.5 MPa) and 0.84 for the second failure mode
(normal stress of 1.0 and 1.5 MPa). However, given the low data in each failure mode, it is best to assess the quality
of the estimations in terms of the percent error. Fig. 19 (b) shows the percent error of the estimated peak shear strength
in terms of the experimentally obtained peak shear strength. This figure shows that the errors are within 25% of the
experimental results for most of the estimated peak shear strength.

Fig. 20 (a) shows the variation of the estimated peak shear strength obtained using the neural network model in terms
of the experimentally obtained peak shear strength. Notably, only the experimental rough concrete-granite interfaces
tested under 0.5 and 1.5 MPa of normal stress are considered in this analysis. This selection is due to the limited
variation of data used in the neural network modeling regarding normal stress. Only two levels of normal stress are
used: 0.5 and 1.5 MPa. The correlation coefficient between the estimated and the experimentally obtained peak shear
strength is 0.96 with an MAE of 0.21 MPa. The good capability of the neural network model is evident when the
estimated data is presented in terms of the percentual error, as shown in Fig. 20 (b). This figure shows that the
estimations provided are quite close to the experimentally obtained peak shear strength for most of the results.

This assessment shows that the two approaches proposed for estimating the peak shear strength of concrete-rock
interfaces can be used for the experimental results. The quality of the estimations is interesting and shows the relevance
of the new methodology of investigating the shear behavior of interfaces.
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Fig. 19 Assessment of the analytical model: (a) Experimental vs estimated peak shear strength and (b) Percent error
between the Experimental and the estimated peak shear strength
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7. Discussion of the two approaches to estimating the shear strength of concrete-rock
interfaces

Fig. 21 shows the results of estimating the peak shear strength of concrete-rock interfaces using the analytical and
neural network models. The correlation coefficient between the estimated peak shear strength and the finite element
simulated peak shear strength is 0.91 and 0.90 for the analytical model considering the two failure modes and 0.96 for
the neural network model.

From Fig. 21, it is clear that the performance of both the failure criterion and the neural network model is very high
(above 0.85), with the neural network results slightly better than those of the analytical model.

Fig. 22 shows the error in the estimation of the peak shear strength in terms of the roughness parameter 6,,,,/(C +
1). This error is approximatively between -20% and 20% for both the analytical and neural network models.

Moreover, Fig. 22 also shows that, unlike the analytical model, the neural network model can reproduce the non-
bijective relationship between the roughness and the peak shear strength observed in the results of the finite elements
simulations (section 3.3).
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8. Conclusion

In this paper, a study of the influence of roughness on the shear resistance of concrete-rock interfaces was carried out.
This study aimed to reduce the shortcomings of existing failure criteria caused by the challenge of defining a
sufficiently diverse and well-distributed database of rough rock surfaces and performing many virtual shear tests.

Random field simulations were performed using the turning bands method to generate an extensive database of rough
rock surfaces. The inputs of these simulations were obtained using variogram analysis of natural rough granite
surfaces. The results of these simulations led to the selection of 334 synthetic rough rock surfaces with the roughness
parameter 6,,,,/(C + 1) changing between 6°and 24°. This database of synthetic rough rock surfaces is well
distributed and does not present any cluster.

The numerical simulation approach was selected to address the difficulty of performing many tests. The numerical
model used is the cohesive-frictional model. With this model, previously validated using experimental results,
numerical simulations of direct shear tests of concrete-rock interfaces were performed. The concrete and the rock
blocks used in these simulations were created using the generated database of synthetic rough rock surfaces.

The results of the finite elements simulations of direct shear tests were used to generate a database of simulated shear
strengths of concrete-rock interfaces. This database is one of the most extensive in the literature in terms of the number
and the variation of roughness considered. The results of the numerical simulations are restricted to quasi-static direct
shear tests with constant normal loading conditions, and with a relatively low level of normal stress. With the database
generated, two approaches were used to propose failure criteria for concrete-rock interfaces. The first approach is a
conventional Coulomb-like analytical relationship based on the analytical model proposed by Grasselli and Egger
(Grasselli and Egger 2003), and the second approach is a neural network model. Like the analytical model, the neural
network model is defined to estimate the peak shear strength using the same parameter used in the proposed analytical
model. As a result, the new analytical and new neural network models perform well in estimating the peak shear
strength of simulated direct shear tests. These models show promising perspectives in estimating the shear strength of
experimental direct shear tests of concrete-rock interfaces.

However, it is worth stating that the neural network slightly outperforms the analytical model regarding the percent
error. Moreover, the neural network can reproduce the non-bijective nature of the correlation between roughness and
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peak shear strength, which is hypothesized as caused by the limitations of the roughness parameters to capture the
contribution of local roughness.
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10. Appendix: Neural network-based estimation of the shear response of concrete-rock
interfaces

Failure criteria are limited to estimating the peak or the residual shear strength of rock-rock and concrete-rock
interfaces. However, estimating the overall shear responses of these interfaces provides more understanding of the
shear behavior.

Not many works have focused on estimating the overall shear responses of rock-rock and concrete-rock interfaces.
Grasselli and Egger (Grasselli and Egger 2003) proposed a constitutive model to reproduce the evolution of the shear
stress of rock-rock interfaces in terms of the shear displacement (Eq. (17)). However, the proposed relationships
require prior knowledge of the peak and residual shear strength, which affect their relevance since, in most
geotechnical problems, it is more interesting to estimate the peak and the residual shear resistance of interfaces before
failure.

T

— =0, 0<u<u,

O-TL

T 17

—=k@u-u,)=—=L(w—-u,), U, <u<su (17)
o, s( m) Aupon m) m /]

T T T,—T,U

_:_T p T_p’ uSup

O, Opn o, Uu

where 7 is the shear stress, 7, is the peak shear strength, 7, is the residual shear strength, o, is the normal stress, u is
the shear displacement or horizontal displacement, u,, is the horizontal displacement to mate the two rock slabs during
a direct shear test, u,, is the peak shear displacement, Au,, is the horizontal displacement before the peak and k; is the
shear stiffness.

The problem of developing a methodology to estimate the overall shear responses of interfaces is addressed in this
appendix. Differently from the model proposed by Grasselli and Egger (Grasselli and Egger 2003), the possibility of
proposing an alternative constitutive model, which depends on the parameters used in failure criteria, is investigated.
For this reason, a neural network model is evaluated to estimate the shear responses of concrete-rock interfaces
submitted to lower normal loadings (0.5 and 1.5 MPa). The neural network model uses the database of shear responses
of simulations of shear tests of synthetic concrete-rock interfaces (see section 3).

10.1.1 Prediction of the shear response of concrete-rock interfaces

The neural network model is set as a function fy, which receives as input the normal stress (o), the basic friction
angle (®,) and the roughness parameter 6,,,,/(C + 1) and predicts the shear stress with the associated shear
displacement [[é‘sl, v Ogi ] [Tsts e ‘[SL-]], see Eq. (18).
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where 7g; is the shear stress at the instant “i” and Jj; is the associated shear displacement.

The dataset comprises 334 entries, each composed of the data relative to a single simulation of a shear test of the
concrete-rock interface. The data of each simulation contains the normal stress (a,,), the basic friction angle (@), the
roughness parameter 6,,,,/(C + 1) and a vector composed of 236 shear displacement values followed by 236
corresponding shear stress values.

The hyperparameter analysis is carried out to determine the suitable neural network architecture of the model. After
hyperparameter analysis, the ideal neural network model for estimating the shear response of concrete-rock interfaces
contains one input layer, six hidden layers, each with 25 neurons, and one output layer that yields a 472-long vector
representing the shear displacement and the shear stress. The batch size of § entries is selected, and the neural network
model is trained using 100 epochs.

10.1.2 Results of the neural network modeling to estimate the shear response of concrete-rock interfaces
10.1.2.1 Prediction of the peak shear strength using neural network model

The learning curve of the performance of the neural network model to estimate the shear response of concrete-rock
interfaces is presented in Fig. 23. From this figure, it is clear that the evolution of the performance of the successive
neural network models on the training and the validation dataset decreases with the increase in the number of epochs.
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Fig. 23 Learning curve of the training of the neural network to estimate the shear response of concrete-rock
interfaces

Fig. 24 presents the variation of the peak shear strengths extracted from shear responses predicted by the model in
terms of the peak shear strength extracted from the shear response obtained using finite element simulations. A
correlation coefficient of 0.95 and an MAE of 0.13 were obtained between the predicted and the simulated peak shear
strength, proving that the shear response predicted by the neural network model can reproduce the peak shear strength
obtained in the finite element simulation.
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10.1.2.2 Prediction of the peak shear strength obtained experimentally using neural network model

The experimental results used in this analysis are parts of the work performed by El Merabi (El Merabi 2018).

Fig. 25 presents the peak shear strength extracted from the shear response predicted by the neural network in terms of
the peak shear strength obtained experimentally. A 0.96 correlation coefficient was obtained between the predicted
and the experimentally obtained peak shear strength. However, this high correlation coefficient should be taken
cautiously, given the size of the dataset.

10.1.2.3 Prediction of the shear response using the validation dataset

Examples of the neural network prediction of the shear responses of the direct shear test of concrete-rock interfaces
using the validation dataset are presented in Fig. 26 and Fig. 27, along with the shear responses obtained using finite
element simulations. From these figures, it is clear that the predicted shear response reproduces the three main stages
of the shear evolution: the shear stress accumulation, the shear slip, and the residual shear stage. Furthermore, the peak
and the residual peak shear strength obtained are close to their counterparts obtained via finite element simulations.

Furthermore, from Fig. 26 and Fig. 27, it is clear that the higher the roughness of the interface (6,54, /(C + 1)), the
more resistant the interface. This observation highlights the influence of roughness on the shear response of concrete-
rock interfaces when the normal stress is low.
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10.1.2.4 Prediction of the shear response using the experimental data

The comparison between the shear responses predicted by the neural network and those obtained in experimental tests
are presented in Fig. 28 to Fig. 32. Notably, the results of the experimental studies used in this analysis are part of the
experimental campaign carried out by El Merabi (El Merabi 2018). These figures show that the predicted shear
response captures the three parts of the shear evolutions and presents encouraging results in reproducing the peak and
the residual shear strength of interfaces, which is interesting, given that the peak and the residual shear strength are
predicted as single points of a 472-long vector.
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Despite the interesting results obtained in the presented analysis on using neural network modeling to predict the
overall shear response of concrete-rock interfaces, some questions remain. One such question is illustrated in Fig. 33,
where the MAE seems to be very low when the entire shear response is used in the assessment (Fig. 33 legend Model)
and is considerably high when only the peak shear strength extracted from the shear response is considered (Fig. 33
valPeak: validation, ExpPeak: experimental). This discrepancy could be addressed by defining a new evaluation metric
that considers the two comparison scales (overall shear response and only the peak shear strength).
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Fig. 33 Assessment of the MAE: computed using the comparison between the overall shear responses predicted and
the FE shear responses obtained (model), calculated using the peak shear strength extracted from the predicted shear
response and the peak shear strength obtained via FE simulation (validation) and Experimental tests (ExpPeak)

The result of this assessment sets the neural network modeling as a suitable methodology for estimating the shear
strength and the shear responses of interfaces. However, it is important to highlight that improvement in the finite
element simulations, the number and the variety of interfaces simulated, and the availability of more experimental
results encompassing different types of rocks and different classes of roughness can increase the range of application
of the neural network models.
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