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Abstract: It is essential to elucidate the shear mechanical behavior of structural planes to
assess the risk to rock masses and protect them from shear failure. Current research on
shear mechanical behavior is focused on isotropic structural planes with the same lithology
on both sides. However, anisotropic structural planes, commonly found in nature, may
exhibit unique mechanical behavior that differs from isotropic structural planes. Therefore,
it is necessary to study the factors affecting the shear strength of the anisotropic structural
planes. In this paper, the direct shear numerical tests on anisotropic structural planes
were carried out using the three-dimensional distinct element code (3DEC) based on the
laboratory test. The numerical test results illustrate that the error between the peak shear
strength of the numerical test and the laboratory test is basically within 10%. The shear
stress-displacement curves of the numerical and laboratory tests are similar, which verifies
the accuracy of the numerical test. According to the Barton standard sections, anisotropic
structural plane models with different roughness and size were established, and the direct
shear numerical tests with different normal stresses were carried out. To predict the peak
shear strength of the anisotropic structural planes, one hundred and eighty-one sets of
direct shear numerical test data were selected. Normal stress, roughness, compressive
strength of soft and hard rock masses, basic friction angle of soft and hard rock masses,
and structural plane size were used as input parameters to establish a back propagation
(BP) neural network model. The research results show that, under identical conditions, the
shear strength of the anisotropic structural planes decreases as the structural plane size
increases. On the contrary, the shear strength increases with the increasing structural plane
roughness and normal stress. For the BP neural network prediction model, the root mean
square error (RMSE) and coefficient of determination (R2) of the training set are 0.441 and
0.957. For the test set, the RMSE is 0.489, and R2 is 0.947, which indicates that the predicted
values are in good agreement with the actual values.

Keywords: anisotropic structural plane; shear strength; discrete element method; size
effect; neural network

1. Introduction
Structural planes are specialized surfaces formed within rock masses during geological

evolution. These features typically exhibit low shear strength, making them the weakest
zones within the rock mass. As a result, the structural plane plays a critical role in influenc-
ing the stability of rock slopes and tunnels [1–4]. Scientists have indicated that the thickness,
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joint roughness coefficient (JRC), and basic friction angle of the structural plane have a
great influence on the shear mechanical behaviors contributing to the instability of rock
slope [5–8]. There were numerous documented cases of engineering failures attributed to
insufficient structural plane strength. In 2019, a significant landslide occurred in Shuicheng
County, China. Investigations revealed that weak structural planes were one of the main
causes of rainfall-induced landslides [9]. Additionally, in 2021, a large landslide took
place in Tiejiangwan, where the failure was also linked to the presence of weak structural
planes [10]. In 2022, the Luding earthquake in China triggered landslides in accumulated
deposits. The primary cause was the presence of numerous discontinuities in the hard rock
regions, which were prone to sliding along discontinuities and fracturing under seismic
loading, leading to rock mass instability [11].

Numerous scholars have conducted in-depth studies on the factors influencing the
shear strength of rock mass structural planes, with structural plane roughness being recog-
nized as a critical determinant. Natural structural planes are typically structurally complex
and have irregular surface undulations. Their roughness exhibits significant size effect
as well as heterogeneity and anisotropy, posing substantial challenges for the accurate
description and quantitative analysis of their mechanical behavior [12,13]. Over the past
50 years, scholars have proposed various methods to quantify the roughness of rock mass
structural planes, including statistical parameters, fractal theory, and 3D scanning tech-
niques. Barton [14], through experimental studies, derived an empirical formula for the
peak shear strength of rock mass structural planes, and the joint roughness coefficient (JRC)
was introduced. Due to the simplicity of JRC, it has been widely adopted for evaluating
the mechanical properties of structural planes [15]. Barton et al. [16] proposed a nonlinear
criterion for the shear strength of rock mass structural planes and subsequently refined its
shear strength component. This improvement incorporated new parameters, such as JCS
(Joint Compressive Strength), providing significant enhancements to account for the scale
effect within the criterion. In addition, the visual comparison method was proposed for es-
timating the JRC values of structural planes. By characterizing 136 natural structural planes
from seven different rock types, they ultimately selected 10 representative structural planes
as typical examples. In 1978, the visual comparison method was adopted as the standard
approach for evaluating the roughness of structural planes by the International Society for
Rock Mechanics. However, this method heavily relies on the subjective judgment of the
evaluator, leading to significant errors. To reduce these errors and improve the accuracy of
JRC assessments, scholars have proposed various modifications to the visual comparison
method. Considering that undulation amplitude and frequency are two critical parameters
influencing roughness, Ünlüsoy et al. [17] proposed evaluating JRC values by measuring
the similarity between the surface profile of samples and the Barton standard sections in
the spatial frequency domain, using a third-order polynomial function and power spectral
density. To address the challenge of estimating the roughness of longer structural planes
using Barton standard sections, Barton and Bandis [18] introduced the straightedge method
for determining JRC values. Du et al. [19] rigorously reformulated the Barton straightedge
method, proposing a simplified formula more suitable for field measurements. Considering
the fractal dimension and magnitude distribution of the asperities, Stigsson et al. [20]
developed a multilinear model developed to estimate JRC objectively.

In recent years, scholars have carried out numerous laboratory experiments on
the shear strength of rock mass structural planes. Failure characteristics of structural
planes were studied under various loading conditions and structural plane parameters.
Wang et al. [21] studied the relationship between the shear mechanical properties of struc-
tural planes and acoustic emission parameters under different roughness and anchorage
conditions, revealing four stages of the ideal cumulative influence curve during the shear
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of the structural plane. It is found that the models with 0–60 degree inclination direction
had poor stability. Feng et al. [22] conducted shear tests with varying roughness and
normal stress, revealing how mechanical properties change due to these two factors. The
relationship equations with normal stress and roughness were established for various me-
chanical parameters. Meng et al. [23] conducted shear tests on completely occlusive granite
structural planes formed by tensile splitting under various normal stresses and monitored
the acoustic emission during the shear process. The stress drop caused by the uneven
surface of the granite rigid structure plane was reproduced, and a method to predict stress
drop and fault sliding rock burst was established based on the acoustic emission b value.
Du et al. [24] developed a shear strength size effect direct shear testing system for
the structural planes, analyzing the influence of size effect on the ratio of the tangen-
tial load peak value to the normal load. According to the Coulomb-Navier criterion,
Mashhadiali et al. [25] proposed a theoretical model for predicting the shear strength of
anisotropic rocks, in which failure depends on the inclination of inherent structural weak
planes. The shear sliding tests under unloading normal stress regarding various initial
normal stresses and numbers of shearing cycles were conducted by Yin et al. [26], illustrat-
ing how JRC, normal stress, and numbers of shearing cycles affected the shear behavior of
structural planes.

However, as the primary method for obtaining the shear strength of rock mass struc-
tural planes, laboratory direct shear tests still have limitations. These tests struggle to fully
replicate the original stress conditions of rock samples and cannot accurately reproduce
the complex geometries of natural rock mass structural planes. Furthermore, large-scale
laboratory direct shear tests are time-consuming and labor-intensive. While full-scale in
situ tests can avoid sampling challenges and maintain the original state of specimens, they
involve complex and hazardous testing environments, difficult equipment operations, and
significantly higher costs. In recent years, the rapid advancement of information and com-
puter technologies has increased reliance on simulation software for mechanical numerical
tests [27–30]. Additionally, machine learning algorithms are being increasingly applied
to analyze experimental data [31–35]. These methods, which have gained widespread
recognition in the academic community, help to overcome the time and cost constraints
associated with traditional laboratory experiments. Based on the physical and numerical
modeling, Menhendra et. al found a new geological phenomenon that there is an important
relationship between the direction of the joint and the lateral strain ratio [36]. The failure
modes of shallow-buried long-span tunnels were analyzed by Chen et al. [37] using the
universal distinct element code. Their study revealed that weak structural planes are
the primary cause of shear failure in the overlying strata, which ultimately leads to the
occurrence of staggered traction slip collapses. Using particle flow code, Yuan et al. [38] es-
tablished the correlation between the failure mode of the structural plane and the intensity
of energy release, finding that the AE b-value can be used to predict the shear failure of the
rock structural plane. Numerical tests of anisotropic deformation around a tunnel were
conducted by Wang and Huang [39]. The results show that when a rock mass contains two
sets of structural planes with unfavorable orientations, the regions experiencing structural
plane sliding failure can exacerbate each other, leading to significant anisotropic deforma-
tion. To avoid stress concentration when using PFC2D to simulate the shear behavior of the
rock mass structural plane, Guo et al. [40] proposed the method of particle group contact
discrimination on both sides of the structural plane.

In natural rock masses, anisotropic structural planes with significantly different lithol-
ogy on both sides are widely distributed, in addition to isotropic structural planes. However,
the current research on the shear strength of rock mass structural planes mainly focuses on
isotropic structural planes, while the research on anisotropic structural planes is relatively
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small. Especially when considering the size effect, the systematic research on the shear
strength of anisotropic structural planes is still insufficient, which limits the understanding
and effective prediction of the shear behavior of structural planes in complex rock mass en-
gineering. Hence, based on 3DEC and the backpropagation (BP) neural network model, the
size effect of the shear strength of rock structural planes was studied. Taking the roughness,
size, and normal stress as the variables, direct shear numerical tests of anisotropic structural
planes were carried out. The shear characteristics of anisotropic structural planes were
studied. The peak shear strength was predicted and analyzed. The research results can
provide a scientific reference for predicting the mechanical behavior of structural planes in
complex rock mass engineering.

2. The 3DEC Models for Shear Testing of Anisotropic Structural Planes
2.1. Overview of 3DEC

The 3DEC is based on the discrete element method to describe the mechanical behavior
of discrete media. It inherits the basic core idea of UDEC and is essentially the result
of extending the description of the two-dimensional discrete media mechanics to three-
dimensional space. The 3DEC is widely recognized for its ability to model the mechanical
interactions of discrete blocks. Considering not only the deformability of individual blocks
but also the complex mechanical behavior of joints, the structural response under various
loading conditions can be studied in detail by the 3DEC. Therefore, 3DEC is used to analyze
the role of joints, faults, and fractures in the overall response of rock mass.

2.2. Model Establishment and Grid Division

A flat structural plane and two Barton standard sections, whose JRC were 0, 2.8, and
10.8, were selected as the anisotropic structural plane models. According to JRC, from small
to large, these structural planes were numbered R1, R2, and R3. Their morphologies are
shown in Figure 1.
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Figure 1. Morphologies of structural plane: (a) R1; (b) R2; (c) R3.

The structural plane section line was drawn in the CAD drawing software; the
model was exported in the STL format and imported into the Rhino software. A
10 cm × 10 cm × 10 cm block of the same size as the direct shear laboratory test was cre-
ated in Rhino. The boolean operation separation command divided the cubic block into
two identical rectangular blocks using the structural plane section line. The structural
plane models were meshed with an element size of 5 mm, and the unstructured tetrahedral
elements were created in the Griddle. The established Rhino models were imported into
the 3DEC software in the 3dgrid format for modeling. The established models are shown
in Figure 2.
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Figure 2. Numerical model of anisotropic structural planes with different roughnesses: (a) R1; (b) R2;
(c) R3.

2.3. Material Assignment and Boundary Condition Setting

Sandstone, granite, and cement mortar were used as direct shear laboratory test mate-
rials. The cement mortar samples were prepared by mixing cement, sand, and water. The
materials mentioned above were assumed to be uniform, with no apparent discontinuities
or defects. The basic mechanical parameters of the three materials were obtained through
laboratory tests, as shown in Table 1.

Table 1. Basic mechanical parameters of sandstone, granite, and cemented mortar rock samples.

Materials Density
(g/cm3)

Elasticity
Modulus

(GPa)

Bulk
Modulus

(GPa)

Shear
Modulus

(GPa)

Cohesion

(MPa)

Basic
Friction

Angle (◦)

Tensile
Strength

(MPa)

Compressive
Strength

(MPa)

Sandstone 2.42 18.85 10.47 7.86 3.07 29.60 2.13 95.55
Granite 2.81 57.92 38.61 23.17 10.33 35.00 6.47 261.55
Cement
mortar 2.11 22.33 12.41 9.30 5.03 31.50 1.81 32.61

In the numerical test, the Mohr-Coulomb model was used for the block, and the
Coulomb slip joint model was used for the structural plane. To verify the accuracy of the
numerical test, the normal stress and shear rate were consistent with those in the laboratory
test. During the numerical test, four normal stress levels were applied, namely, 0.5 MPa,
1 MPa, 2 MPa, and 3 MPa. The normal stress was maintained constant throughout the
single shearing process, while a tangential load was applied to control the shear rate at
0.5 mm/min. The boundary conditions of the models are shown in Figure 3.
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2.4. Analysis and Accuracy Verification of Numerical Results of the Direct Shear Test on the
Anisotropic Structural Plane

The shear strength data of the anisotropic structural planes used for accuracy verifica-
tion are taken from the direct shear laboratory test of rock–mortar anisotropic structural
planes conducted by Zhou [41]. The results of the direct shear numerical tests on the
structural plane are further derived and compared with the shear strength obtained from
the laboratory test. The shear displacement–stress curves of the structural planes with
different roughness conditions are given in Figures 4 and 5.
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Figure 4. The relationship between shear stress and shear displacement of sandstone-mortar structural
planes: (a) R1; (b) R2; (c) R3.

By assessing the shear displacement–stress curve of the anisotropic structural plane, it
is found that the shear displacement–stress curve of the anisotropic structural plane can
be roughly divided into an ascending stage, a descending stage, and a stable stage. The
numerical results show roughly the same trend as the shear displacement–stress curve
obtained from the laboratory test. Under the same normal stress conditions, the fluctuation
amplitude of the structural plane morphology has a significant effect on the shear behavior.
When the fluctuation amplitude of the structural plane morphology is low, the roughness
is relatively small and does not contribute significantly to shear resistance. As a result,
the fluctuation of the shear displacement–stress curve of the structural plane is small,
entering a relatively stable softening deformation stage. The shear strength of the structural
plane is close to its residual strength. On the contrary, when the fluctuation amplitude
of the structural plane is high, the pronounced roughness creates significant interlocking
effects during shearing. These roughness features resist displacement, causing abrupt stress
redistributions and localized failures as they deform or break. This mechanism results
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in multiple stress peaks on the shear displacement–stress curve, indicating intermittent
asperity failure and re-engagement, making it difficult to identify the residual strength
value of the structural plane. Table 2 shows the comparison results of the peak shear
strength of the anisotropic structural plane with different roughnesses and normal stress
conditions. The error, which is basically stable within 10%, between the numerical results
and the test results is small.

Designs 2025, 9, x FOR PEER REVIEW 7 of 20 
 

 

ing abrupt stress redistributions and localized failures as they deform or break. This mech-

anism results in multiple stress peaks on the shear displacement–stress curve, indicating 

intermittent asperity failure and re-engagement, making it difficult to identify the residual 

strength value of the structural plane. Table 2 shows the comparison results of the peak 

shear strength of the anisotropic structural plane with different roughnesses and normal 

stress conditions. The error, which is basically stable within 10%, between the numerical 

results and the test results is small. 

 

Figure 5. The relationship between shear stress and shear displacement of granite-mortar structural 

planes: (a) R1; (b) R2; (c) R3. 

Table 2. Comparison between laboratory test and numerical test for peak shear strength of aniso-

tropic structural planes. 

Anisotropic Structural Plane 

Types 
JRC Normal Stress (MPa) 

Peak Shear Strength (MPa) 
Error (%) 

Laboratory Test Numerical Test 

Sandstone-Cement 

R1(JRC =0) 

0.5 0.26 0.26 2.48 

1.0 0.61 0.65 6.01 

2.0 1.05 1.14 8.40 

3.0 1.77 1.89 6.23 

R2(JRC = 2.8) 

0.5 0.41 0.45 10.30 

1.0 0.82 0.82 0.19 

2.0 1.43 1.38 3.60 

3.0 2.04 2.20 7.60 

Figure 5. The relationship between shear stress and shear displacement of granite-mortar structural
planes: (a) R1; (b) R2; (c) R3.

Table 2. Comparison between laboratory test and numerical test for peak shear strength of anisotropic
structural planes.

Anisotropic Structural
Plane Types

JRC Normal Stress (MPa)
Peak Shear Strength (MPa)

Error (%)
Laboratory Test Numerical Test

Sandstone-Cement

R1(JRC = 0)

0.5 0.26 0.26 2.48
1.0 0.61 0.65 6.01
2.0 1.05 1.14 8.40
3.0 1.77 1.89 6.23

R2(JRC = 2.8)

0.5 0.41 0.45 10.30
1.0 0.82 0.82 0.19
2.0 1.43 1.38 3.60
3.0 2.04 2.20 7.60

R3(JRC = 10.8)

0.5 0.58 0.55 5.50
1.0 1.15 1.30 12.80
2.0 1.99 2.01 1.30
3.0 3.06 2.84 7.30
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Table 2. Cont.

Anisotropic Structural
Plane Types

JRC Normal Stress (MPa)
Peak Shear Strength (MPa)

Error (%)
Laboratory Test Numerical Test

Granite-Cement

R1(JRC = 0)

0.5 0.29 0.31 9.10
1.0 0.64 0.68 6.50
2.0 1.20 1.30 8.10
3.0 1.88 2.07 10.50

R2(JRC = 2.8)

0.5 0.36 0.37 3.70
1.0 0.66 0.68 2.90
2.0 1.35 1.35 0.17
3.0 2.07 2.06 0.54

R3(JRC = 10.8)

0.5 0.52 0.55 5.90
1.0 1.13 1.27 12.30
2.0 2.29 2.37 3.40
3.0 2.73 2.62 4.10

3. Numerical Shear Testing of Anisotropic Structural Planes with
Size Effect
3.1. Design of Direct Shear Numerical Test

The 3rd, 5th, 8th, and 10th sections of Barton standard sections, which were numbered
B1 to B4 from small to large according to JRC, were selected. The Rhino modeling software
was used to establish the numerical models of the structural planes based on B1 to B4. The
rock masses in the upper and lower plates were given strength parameters of different sizes
to establish the anisotropic structural plane. The anisotropic structural plane models are
shown in Figure 6.
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0.5 0.36 0.37 3.70 

1.0 0.66 0.68 2.90 

2.0 1.35 1.35 0.17 

3.0 2.07 2.06 0.54 

R3(JRC = 10.8) 

0.5 0.52 0.55 5.90 

1.0 1.13 1.27 12.30 

2.0 2.29 2.37 3.40 

3.0 2.73 2.62 4.10 

3. Numerical Shear Testing of Anisotropic Structural Planes with  

Size Effect 

3.1. Design of Direct Shear Numerical Test 

The 3rd, 5th, 8th, and 10th sections of Barton standard sections, which were num-

bered B1 to B4 from small to large according to JRC, were selected. The Rhino modeling 

software was used to establish the numerical models of the structural planes based on B1 

to B4. The rock masses in the upper and lower plates were given strength parameters of 

different sizes to establish the anisotropic structural plane. The anisotropic structural 

plane models are shown in Figure 6. 

 

Figure 6. B1–B4 structural plane topography. 

To investigate the effects of normal stress, roughness, and size on the peak shear 

strength of anisotropic structural planes, numerical models of various structural plane 

roughness were developed with the following dimensions: 10 cm × 10 cm; 30 cm × 30 cm; 

50 cm × 50 cm; 70 cm × 70 cm; and 100 cm × 100 cm. Normal stresses of 0.5 MPa, 1 MPa, 2 

MPa, 3 MPa, and 5 MPa were applied to the structural planes of each model incrementally. 

Figure 6. B1–B4 structural plane topography.

To investigate the effects of normal stress, roughness, and size on the peak shear
strength of anisotropic structural planes, numerical models of various structural plane
roughness were developed with the following dimensions: 10 cm × 10 cm; 30 cm × 30 cm;
50 cm × 50 cm; 70 cm × 70 cm; and 100 cm × 100 cm. Normal stresses of 0.5 MPa, 1 MPa,
2 MPa, 3 MPa, and 5 MPa were applied to the structural planes of each model incrementally.
The typical shear displacement–stress curve of the anisotropic structural plane obtained
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from the experiment is shown in Figure 7. The shear process of the structural plane could
be divided into three stages: elastic; failure; and residual. In the elastic stage, the shear
stress is proportional to the shear displacement. In the failure stage, brittle failure occurs
inside the rock mass, whose shear strength reaches a peak value, with the shear stress value
fluctuating greatly. During the residual stage, the shear stress drops sharply to the residual
strength, tending to stabilize and remain constant.

Designs 2025, 9, x FOR PEER REVIEW 9 of 20 
 

 

The typical shear displacement–stress curve of the anisotropic structural plane obtained 

from the experiment is shown in Figure 7. The shear process of the structural plane could 

be divided into three stages: elastic; failure; and residual. In the elastic stage, the shear 

stress is proportional to the shear displacement. In the failure stage, brittle failure occurs 

inside the rock mass, whose shear strength reaches a peak value, with the shear stress 

value fluctuating greatly. During the residual stage, the shear stress drops sharply to the 

residual strength, tending to stabilize and remain constant. 

 

Figure 7. The relationship between shear strength and shear displacement of B1 structural plane 

with normal stress of 5 MPa. 

3.2. Size Effect on Peak Shear Strength of Anisotropic Structural Planes 

The size effect of the structural plane has an important influence on the strength and 

deformation capacity of the rock mass. Figure 8 demonstrates the relationship between 

the peak shear strength and the size of the anisotropic structural plane. The peak shear 

strength of all four structural planes (B1 to B4) decreases with increasing size, demonstrat-

ing a clear size effect on peak shear strength. Comparing the peak shear strength of the 

rock mass structural planes from B1 to B4, it can be seen that, for the same normal stress, 

the peak shear strength is negatively correlated with the size of the structural plane. Under 

the normal stress of 0.5 MPa, the peak shear strength of the B1 structural plane decreases 

by 0.022 MPa per 1 cm increase in size. When the normal stress is increased to 5 MPa, the 

peak shear strength decreases by 0.045 MPa for each 1 cm size increment. Under the nor-

mal stress of 0.5 MPa, the peak shear strength of the B2 structural plane decreases by 0.025 

MPa per 1 cm increase in size. When the normal stress is increased to 5 MPa, the peak 

shear strength decreases by 0.053 MPa for each 1 cm size increment. Under the normal 

stress of 0.5 MPa, the peak shear strength of the B3 structural plane decreases by 0.027 

MPa per 1 cm increase in size. When the normal stress is increased to 5 MPa, the peak 

shear strength decreases by 0.053 MPa for each 1 cm size increment. Under the normal 

stress of 0.5 MPa, the peak shear strength of the B4 structural plane decreases by 0.031 

MPa per 1 cm increase in size. When the normal stress is increased to 5 MPa, the peak 

shear strength decreases by 0.066 MPa for each 1 cm size increment. The peak shear 

strength of structural planes decreases slowly with increasing size under low normal 

stress, while the downward trend increases under high normal stress. 
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normal stress of 5 MPa.

3.2. Size Effect on Peak Shear Strength of Anisotropic Structural Planes

The size effect of the structural plane has an important influence on the strength and
deformation capacity of the rock mass. Figure 8 demonstrates the relationship between the
peak shear strength and the size of the anisotropic structural plane. The peak shear strength
of all four structural planes (B1 to B4) decreases with increasing size, demonstrating a clear
size effect on peak shear strength. Comparing the peak shear strength of the rock mass
structural planes from B1 to B4, it can be seen that, for the same normal stress, the peak
shear strength is negatively correlated with the size of the structural plane. Under the
normal stress of 0.5 MPa, the peak shear strength of the B1 structural plane decreases by
0.022 MPa per 1 cm increase in size. When the normal stress is increased to 5 MPa, the peak
shear strength decreases by 0.045 MPa for each 1 cm size increment. Under the normal
stress of 0.5 MPa, the peak shear strength of the B2 structural plane decreases by 0.025 MPa
per 1 cm increase in size. When the normal stress is increased to 5 MPa, the peak shear
strength decreases by 0.053 MPa for each 1 cm size increment. Under the normal stress
of 0.5 MPa, the peak shear strength of the B3 structural plane decreases by 0.027 MPa per
1 cm increase in size. When the normal stress is increased to 5 MPa, the peak shear strength
decreases by 0.053 MPa for each 1 cm size increment. Under the normal stress of 0.5 MPa,
the peak shear strength of the B4 structural plane decreases by 0.031 MPa per 1 cm increase
in size. When the normal stress is increased to 5 MPa, the peak shear strength decreases
by 0.066 MPa for each 1 cm size increment. The peak shear strength of structural planes
decreases slowly with increasing size under low normal stress, while the downward trend
increases under high normal stress.
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3.3. Effect of Normal Stress on Peak Shear Strength of Anisotropic Structural Planes

In the direct shear test, the normal stress also has an important influence on the shear
strength of the rock mass structural plane. Figure 9 shows the relationship between the
peak shear strength and normal stress of the anisotropic structural plane. The peak shear
strength of an anisotropic structural plane increases with higher normal stress for the same
size. For the B1 structural plane, when its size is 10 cm, the peak shear strength increases
by 0.904 MPa for every 1 MPa increase in normal stress. When the structural plane size
reaches 100 cm, the peak shear strength increases by 0.253 MPa per 1 MPa rise in normal
stress. For the B2 structural plane, when its size is 10 cm, the peak shear strength increases
by 1.049 MPa for every 1 MPa increase in normal stress. When the structural plane size
reaches 100 cm, the peak shear strength increases by 0.473 MPa per 1 MPa rise in normal
stress. For the B3 structural plane, when its size is 10 cm, the peak shear strength increases
by 1.093 MPa for every 1 MPa increase in normal stress. When the structural plane size
reaches 100 cm, the peak shear strength increases by 0.571 MPa per 1 MPa rise in normal
stress. For the B4 structural plane, when its size is 10 cm, the peak shear strength increases
by 1.287 MPa for every 1 MPa increase in normal stress. When the structural plane size
reaches 100 cm, the peak shear strength increases by 0.580 MPa per 1 MPa rise in normal
stress. At low normal stress, the peak shear strength of structural planes of different sizes
tends to be similar. However, as normal stress rises, the differences in peak shear strength
become more pronounced, indicating that normal stress significantly influences the peak
shear strength of the structural plane.
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3.4. Effect of Roughness on Peak Shear Strength of Anisotropic Structural Planes

The roughness of the structural plane of the rock mass is an important component
for its shear strength, especially in the presence of filled joints, where the roughness of the
structural plane can lead to an increase in expansibility, local stress, and permeability [42,43].
Table 3 shows the peak shear strength calculated by numerical tests of anisotropic structural
planes with different sizes. Under the same normal stress, the peak shear strength of
the structural plane increases with the increasing roughness. The tooth-cutting effect is
enhanced because the increasing roughness reduces the climbing and expansion effect of the
structural plane. In addition, the peak shear strength of the structural plane decreases with
increasing size because smaller blocks have greater degrees of freedom and can perceive
larger fluctuations in the structural plane. Hence, the roughness decreases when the size
increases, which reduces the peak shear strength.

Table 3. Peak shear strength values of anisotropic structural planes with different roughnesses.

Size (cm) Roughness Normal Stress (MPa)

0.5 1 2 3 5

10

B1 2.76 2.95 4.21 4.83 6.83
B2 3.15 4.12 4.61 6.99 7.87
B3 3.59 4.76 6.77 7.35 8.51
B4 4.15 5.16 6.81 8.43 9.94

30

B1 2.41 2.85 3.53 4.55 5.92
B2 2.63 3.01 4.07 5.65 5.97
B3 3.46 4.37 4.81 5.90 6.84
B4 3.87 4.82 5.86 6.02 7.31
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Table 3. Cont.

Size (cm) Roughness Normal Stress (MPa)

0.5 1 2 3 5

50

B1 1.55 2.07 2.92 4.01 5.15
B2 2.01 2.19 3.59 4.90 5.49
B3 2.95 3.40 3.97 5.28 5.66
B4 3.12 3.72 4.08 5.47 6.67

70

B1 1.01 1.26 2.34 2.68 3.05
B2 1.04 1.55 2.75 3.48 3.54
B3 1.35 1.73 3.23 4.58 5.45
B4 1.50 2.28 3.69 5.13 5.79

100

B1 0.79 0.86 1.54 1.73 1.93
B2 0.94 1.42 2.41 2.71 3.07
B3 1.20 1.62 2.54 3.28 3.77
B4 1.36 1.90 2.87 3.72 3.97

4. BP Neural Network Model for Predicting Peak Shear Strength of
Anisotropic Structural Planes
4.1. Overview of BP Neural Network

A backpropagation neural network is a multi-layer feedforward neural network,
including an input layer, a hidden layer, and an output layer. Figure 10 shows a typical
three-layer BP neural network structure diagram. The training samples are input into the
hidden layer, and after the training function is calculated, the actual output is sent to the
output layer. After one propagation, the error between the actual output and the target
output is calculated to determine whether it is less than the target error. If the actual error is
greater than the target error, the neural network starts to propagate information backward.
The actual output is propagated toward the input layer, and neurons in each layer adjust
and correct weights and thresholds based on the information received. The neural network
will continue to iterate until the calculation result meets the target error. Each connection
weight and threshold in the initial training is assigned a random value in the interval (0, 1).
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4.2. Design of BP Neural Network

To quantify the JRC value of the Barton standard sections, the morphological analysis
method is adopted. The modified straight edge method formula Equations (1) and (2)
and the basic roughness scale shown in Figures 11 and 12 are employed to obtain the JRC
values of structural planes of different sizes. Table 4 lists the JRC, which is calculated by
Equations (1) and (2), of anisotropic structural planes with different roughness.

JRC = 0.8589e0.6444/Larctan8RA (1)

RA =
A
L

(2)

where A is the height of the larger sawtooth or the fluctuation amplitude of the structural
plane, and L is the sampling length of the structural plane.
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Table 4. JRC values calculated using the modified straight-edge method.

Number of Structural Planes Amplitude of Fluctuation JRC

B1 0.17 0.67
B2 0.65 2.69
B3 1.26 5.24
B4 1.60 6.65
B5 2.27 9.39
B6 2.73 11.25
B7 3.37 13.79
B8 3.88 15.76
B9 4.26 17.21

B10 4.76 19.07

The Barton standard sections proposed by Barton are selected to establish structural
planes with different roughness. Eighty-one groups of orthogonal tests are designed
using SPSS software. Then, the peak shear strength values of 81 groups of anisotropic
structural planes are calculated using 3DEC. The 81 groups of orthogonal test data and
100 groups of test data of B1–B4 structural planes under different sizes and normal stresses
are divided into training data and test data according to the proportion imported into the
neural network for training. The input parameters of the neural network are normal stress,
roughness (JRC), compressive strength of soft and hard rock mass, basic friction angle of
soft and hard rock masses, and structural plane size. The output parameter is the peak
shear strength of the structural plane. The hidden layer is set to one layer, whose number
of units is 11. The neural network training process is shown in Figure 13.
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4.3. Prediction Results of Peak Shear Strength

Root mean square error (RMSE) and coefficient of determination (R2) are used as
model performance evaluation indicators [45]. Among them, RMSE is an error evaluation
indicator. The closer its value is to 0, the better the model performance. R2 is a trend
evaluation indicator. The closer R2 is to 1, the closer the model prediction result is to the
true value and the higher the prediction accuracy. The calculation formulas Equations (3)
and (4) for model evaluation indicators are as follows:

RMSE =

√√√√ 1
N

N

∑
i=1

(
mexp − mpred

)2
(3)

R2 = 1 −

N
∑

i=1
(mexp − mpred)

2

N
∑

i=1
(mexp − mea)

2
(4)
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where mexp is the actual value; mpred is the predicted value; mea is the mean of the experi-
mental test value, and N is the number of samples.

To obtain better generalization performance, the optimal number of training times
should be determined when the number of hidden layer nodes is fixed. Therefore, the
neural network is trained and tested alternately, and a training mean square error is
recorded for each iteration. Meanwhile, the network weights should be unchanged, the
network should be run forward with the test data, and the test mean square error should
be recorded. As a result, two curves can be generated showing the error changing with
the number of training times. Before a certain point in training, as the number of training
iterations increases, both the training error and the test error decrease simultaneously. Once
this point is surpassed, the training error continues to decrease while the test error starts to
increase. This specific number of training iterations is considered the optimal amount. The
number of steps for programming verification of the BP neural network is set to 6; that is,
the network training verification stops after the error increases six consecutive times. It is
indicated from Figure 14 that the convergence speed of the BP neural network prediction
model is fast, and the optimal number of training steps is 12.
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Figure 14. Plot of BP neural network training performance data versus training steps.

Figure 15 compares the actual and predicted values for the peak shear strength of the
structural plane in both the training and test sets. The RMSE value of the neural network
model is below 0.5 (Figure 15). This indicates a small prediction error, and it shows that the
predicted shear strength of the structural plane obtained from the neural network closely
aligns with the actual value.
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Figure 16 illustrates the linear regression relationship between the actual peak shear
strength values of both the training and test samples. The R2 for the training and test sets
are 0.957 and 0.947 (Figure 16), which signifies that the BP neural network model exhibits a
strong prediction performance.
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Combining the results of Figures 15 and 16, it can be seen that the overall regression
curve of the predicted value and the actual value shows a high degree of regression,
indicating that the predicted value and the actual value of the shear strength of the structural
plane are very close. The comparison results indicate that the BP neural network provides
a high level of accuracy in predicting the peak shear strength of structural planes. This
method can effectively predict the shear strength of anisotropic structural planes.

5. Conclusions
Based on the discrete element method, in this paper, numerical models of anisotropic

structural plane were established. After model verification, the direct shear numerical tests
of anisotropic structural planes were carried out to evaluate the shear characteristics of
structural planes with different sizes, normal stresses, and roughnesses. Then, a BP neural
network model for predicting the peak shear strength of the structural plane was developed
with numerical test data. The main conclusions are as follows:

(1) A direct shear test model for rock mass with anisotropic structural planes is established
using 3DEC. By comparing the numerical and laboratory test results, it has been found
that the error in peak shear strength was generally within 10%. Additionally, the
shear displacement–stress curve obtained from the numerical tests closely resembles
the curve from the laboratory tests, effectively replicating the shear process of the
structural plane sample;

(2) The peak shear strength of anisotropic structural planes is negatively correlated with
size. When the JRC is 4 to 6, the peak shear strength decreases by 0.022 to 0.045 MPa
for every additional 1 cm in size with different normal stresses. When the JRC is from
8 to 10, the peak shear strength decreases by 0.025 to 0.053 MPa for every additional
1 cm in size with different normal stresses. When the JRC is 14 to 16, the peak
shear strength decreases by 0.027 to 0.053 MPa for every additional 1 cm in size with
different normal stresses. When the JRC is 18 to 20, the peak shear strength decreases
by 0.031 to 0.066 MPa for every additional 1 cm in size with different normal stresses;

(3) The peak shear strength of anisotropic structural planes is positively correlated with
normal stress and roughness. When the JRC is 4 to 6, the peak shear strength increases
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by 0.253 to 0.904 MPa for each 1 MPa increase in normal stress with different sizes.
When the JRC is 8 to 10, the peak shear strength increases by 0.473 to 1.049 MPa for
each 1 MPa increase in normal stress with different sizes. When the JRC is from 14 to
16, the peak shear strength increases by 0.571 to 1.093 MPa for each 1 MPa increase
in normal stress with different sizes. When the JRC is from 18 to 20, the peak shear
strength increases by 0.580 to 1.287 MPa for each 1 MPa increase in normal stress with
different sizes. Under identical size and normal stress conditions, the shear strength
of the large structural plane with a high JRC is consistently the highest;

(4) The optimal number of training steps of the BP neural network model is 12. The
RMSE of the BP neural network model is less than 0.5, and the R2 value is greater
than 0.94, which indicates that the predicted results align closely with the actual test
results. Therefore, this model can effectively predict the peak shear strength of the
anisotropic structural planes within rock masses.
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