
Citation: Dong, J.; Chen, Q.; Yuan, G.;

Xie, K. Rock Mass Structure

Classification of Caves Based on the

3D Rock Block Index. Appl. Sci. 2024,

14, 1230. https://doi.org/10.3390/

app14031230

Academic Editor: Tiago Miranda

Received: 26 December 2023

Revised: 18 January 2024

Accepted: 22 January 2024

Published: 1 February 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Rock Mass Structure Classification of Caves Based on the 3D
Rock Block Index
Jun Dong 1,* , Qingqing Chen 2, Guangxiang Yuan 1 and Kaiyan Xie 1

1 College of Geosciences and Engineering, North China University of Water Resources and Electric Power,
Zhengzhou 450046, China

2 Zhengzhou Geology Engineering Investigation Institute, Ministry of Chemical Industry,
Zhengzhou 450007, China

* Correspondence: dongjun315315@gmail.com

Abstract: In large-scale water conservancy and hydropower projects, complex rock structures are
considered to be the main factor controlling the stability of hydraulic structures. The classification of
rock mass structure plays an important role in the safety of all kinds of large buildings, especially
underground engineering buildings. As a quantitative classification index of rock mass, the rock
block index is very common in the classification of borehole and dam foundation rock mass struc-
tures. However, there are few studies on the classification of underground engineering rock masses.
Moreover, their classification criteria have disadvantages in spatial dimension. Therefore, this paper
takes the long exploratory cave CPD1 in the water transmission and power generation system of the
Qingtian pumped storage power station in Zhejiang Province as the research object and launches a
study on the structural classification of the rock mass of a flat cave based on the 3D rock block index.
According to the group distribution of joints, the sections are statistically homogeneous. Additionally,
the Monte Carlo method is used to carry out random simulations to generate a three-dimensional
joint network model. The virtual survey lines are arranged along the center of the shape of the three
different orthogonal planes of the 3D joint network model to represent the boreholes, and the RBI
values of the virtual survey lines on each orthogonal plane are counted to classify the rock mass
structure of the flat cave in a refined manner using the rock block index of the rock mass in 3D. The
above method realizes the application of the 3D rock block index in underground engineering and
overcomes the limitations of traditional rock mass classification methods in terms of classification
index and dimension. The results show that: (1) Three-dimensional joint network simulations built
on statistical and probabilistic foundations can visualize the structure of the rock mass and more
accurately reflect the structural characteristics of the actual rock mass. (2) Based on the 3D rock block
index, the rock mass structure of the long-tunnel CPD1 is classified, from that of a continuous struc-
ture to a blocky structure, corresponding to the integrity of the rock mass from complete to relatively
complete. The classification results are consistent with the evaluation results of horizontal tunnel
seismic wave geophysical exploration. (3) Based on the 3D joint network model, it is reasonable and
feasible to use the 3D rock block index as a quantitative evaluation index to determine the structure
type of flat cave rock masses. The above method is helpful and significant in the classification of
underground engineering rock mass structures.

Keywords: rock mass structure; cave; joint network simulation; 3D rock block index

1. Introduction

A rock’s mass structure is the basis and important control factor for rock mass quality
evaluation and stability analyses [1–5]. The quantitative indexes of rock structure classifica-
tion mainly include structural plane spacing, integrity coefficient, volume nodule number,
rock quality index, etc. [6–10]. At present, the most commonly used index of rock structure
classification is the rock quality index (RQD) [10–14]. The rock quality index is a quantita-
tive parameter that responds to the degree of engineering rock integrity and rock structure
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characteristics [15], but it suffers from the defects of directional one-dimensionality and
threshold singularity [16–18]. However, these quantitative indexes cannot directly reflect
the structure type and block composition of a rock’s mass. In order to comprehensively
characterize the size of a rock’s mass and its structural characteristics to reflect the integrity
of its mass and the change characteristics of its corresponding mechanical properties, Hu
proposed the concept of rock block index (RBI). RBI is defined as the cumulative value of
the product of the respective coefficients obtained by weighting the measured core lengths
in flat caves or boreholes according to the core acquisition rates of 3 to 10 cm, 10 to 30 cm,
30 to 50 cm, 50 to 100 cm, and greater than 100 cm. It has been successfully used in Ertan,
Jinping I, and other large hydropower projects [19]. Based on the Xiluodu hydropower
project, Zhang proposed a quantitative RBI value method [20,21]. Huang analyzed and
studied the quantitative value of the rock block index and established critical values of
rock block index classification for the overall structure, blocky structure, secondary block
structure, mosaic structure, cataclastic texture, and loose structure [22]. In order to express
the three-dimensional structural characteristics of the dam foundation’s rock mass, Ni
proposed the three-dimensional equivalent rock block index. It is defined as the arithmetic
mean of the RBI in orthogonal planes in three different directions of the rock mass, but it
has not been applied to underground engineering [23,24].

This paper takes the long exploratory cave CPD1 in the water transmission and power
generation system of the Qingtian pumped storage power station in Zhejiang Province
as the research object. According to the distribution characteristics of joint groups, the
probabilistic models of joint geometric parameters were obtained statistically. The Monte
Carlo method was used to carry out random simulations and generate three-dimensional
joint network models. On this basis, virtual survey lines representing boreholes were
arranged on the front, side, and top surfaces of the 3D network model at the same angles
(5◦) as the center, respectively, and the rock mass block index of 108 virtual survey lines on
the three planes was obtained statistically. Then, the concept of the 3D rock block index
was utilized to finely classify the peripheral rock structure of the flat cave. Using the
above method to classify the structure of the rock mass in flat caves, this paper realizes the
application of the three-dimensional rock mass index in underground engineering. This
approach solves the shortcoming of the traditional classification index RQD, which cannot
accurately assess the structural integrity of rock masses. Additionally, it overcomes the
spatial dimension limitations of RBI in classifying rock mass structures, allowing it to more
truly reflect the anisotropy of rock masses.

2. Engineering Geology Overview

The Zhejiang Qingtian pumped storage power station is located in the middle of
the mountainous area of South Zhejiang, belonging to the Donggong mountain range.
The mountain ranges in this area mostly spread in the northeast direction, which belongs
to the middle mountain–alpine landform. The outcrop beds in this area are relatively
simple, mainly in the Upper Jurassic (J3x). The quaternary overburden is sporadically
developed and is dominated by alluvial deposits (Q4

al+pl), residual slope deposits (Q4
el+dl),

and colluvial slope deposits (Q4
col+dl), and it is mainly distributed in gully, slope, foot of

slopes, and low-lying areas. Geotectonically, it belongs to the middle part of the Linhai–
Wenzhou southeastern Fujian volcanic fracture and the arrhythmic depression belt (II2)
of the South China Fold System (II). The geological structure in this area is dominated
by ruptures, and folds are not developed. The physical geological phenomena in the
engineering area are mainly manifested as weathering and unloading of rock masses. The
collapse mainly develops in the steep slope area of the bedrock, and the distribution range
is small. The main surface runoff in the project area is Chengmen Keng gully and Jupu
Yuan gully. The tributaries along the way are dendritic, and the water system is developed.
Most gullies have seasonal flow, and the water quantity varies greatly with rainfall. The
groundwater in the engineering area can be divided into bedrock fissure water and porous
diving. Bedrock fissure water is endowed in bedrock fissures and fault fracture zones and is
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dominated by submerged types; the porous diving is distributed in the fourth system cover
and fully weathered rock (soil) layer. The depth of burial varies directly by the atmospheric
precipitation recharge, seepage along the cover or bedrock surface, or lateral recharge of
bedrock fissure water.

The surrounding rock of CPD1 consists mainly of gravelly crystalline glassy tuff,
greenish gray and light purplish red tuff and block structures, a gravel content of 5~10%,
glassy debris mostly in the form of finely elongated angstroms, and quartz and potassium
feldspar as the crystalline minerals (see Figure 1). Flat caves expose rock bodies that are
mostly slightly weathered, with undeveloped faults. Joints are generally developed in the
cave, dominated by medium–steep dips toward NW and NNW, mostly intersecting at a
large angle to the axis of the cave. There is a water seepage phenomenon along the fault
tectonic zone and the open fissure in the flat cave, where a local linear or a small water
surge is formed.
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3. Grouping of Joint Dominant Occurrence and Statistical Homogeneous
Zone Segmentation
3.1. Joint Dominant Occurrence Grouping

The long exploratory cave CPD1 is 800 m and the cave’s rock exposures are complete.
On site, a measuring window with a length and width of 3m was used to carry out statistics
on rock joints in a flat cave, and a total of 772 joints were measured. Researchers drew joint
distribution maps based on on-site sketches (see Figure 2). The statistical data of 772 joints
were regarded as Fischer distributions, and the joint rose diagram (see Figure 3) and the
joint pole isodensity diagram (see Figure 4) were generated. On the basis of probabilistic
statistics knowledge and Schmitt’s equal-area projection of the lower hemisphere, the
optimal radius of the small sphere was determined through cyclic trial calculation, and the
optimal grouping was determined by minimizing the objective function. Finally, the above
joints were divided into five groups (see Figure 4 and Table 1).
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Table 1. Joint grouping parameters of CPD1 cave rock mass.

Group Quantity/Strip Dip Direction Range (◦) Dip Angle Range (◦)

1 253 216~315 70~89
2 196 1~60 53~88
3 137 150~215 70~88
4 96 75~120 65~89
5 90 320~358 50~89

3.2. Statistical Homogeneous Zone Segmentation

In order to determine the boundaries of similar structural rock bodies, the areas with
similar geomechanical properties are categorized into the same section, so that the rock
bodies in each region have similar structural and mechanical characteristics. The principles
of segmentation are as follows. (a) To meet the scale requirements of rock body classification,
the appropriate structural classification scale is conducive to the evaluation of the quality of
the rock body and the design of the rock body support. (b) To meet the number of samples
for statistical analysis, the number of statistical samples of the joints in each segment has to
be more than 100, and credible statistical results can be obtained [25].

According to the above segmentation principle, using S.M. Miller’s rock structure
zoning principle [26], the CPD1 flat cave was divided into four sections of 200 m each (see
Table 2 and Figure 5). It can be seen from Figure 5 that in Section 1⃝, the joint composition of
cave rock mass is relatively complex, the proportion is relatively average, and the average
density of joint is relatively low. In Sections 2⃝ and 3⃝, cave rock mass is dominated by the
joints of group 1 and group 2, with an average proportion of 34.3% and 35.7%, respectively,
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as well as the highest average density of joints, at the 200~400 m segment. In Section 4⃝,
the cave rock mass is dominated by the joints of group 1, with an average proportion of
41.4%. Based on the above analysis, there are certain differences in the structural types of
rock masses in each section due to the varying degrees of joint development. Therefore, it
is necessary to conduct separate research on the rock masses of each section of the cave.

Table 2. Segmentation and parameters of homogeneous zone in CPD1 cave rock mass.

Section Starting Point
(m)

Ending Point
(m)

Number of
Joints (Strip)

Average Density
(Strip/m)

1⃝ 0 200 141 0.705
2⃝ 200 400 279 1.395
3⃝ 400 600 190 0.95
4⃝ 600 800 162 0.81
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4. Probability Model of Joint Parameters
4.1. Probability Model of Joint Occurrence

When the measuring window method is used for joint statistics, the occurrence re-
lationship between the joint and the measuring window determines the probability of
joint statistics. That is, sampling deviation exists in the statistical process. Therefore, it
is necessary to correct the sampling deviation of the joint by using the method of weight
coefficient. The probability model is studied based on the modified joint occurrence param-
eters. According to the results of the occurrence division of each joint dominant group in
the study area, the occurrence frequency distribution of each dominant group was statisti-
cally analyzed, and the probability density curve of dominant occurrence was drawn (see
Figures 6 and 7).
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Figure 7. Fitting curve of joint dip angle.

The data analysis of Origin 2019b was used to fit a nonlinear curve to the frequency
of joint yield distribution for each group of joints in each section to obtain its probability
density curve. From the graph, a preliminary judgment is made that the dip direction
and the dip angle may obey a normal or lognormal distribution. During curve fitting,
the goodness of fit R2 was calculated, and the value of goodness of fit R2 was close to 1,
indicating a good degree of fitting. In fitting the probability distribution of joint occurrence,
the goodness of fit of the dip direction and dip angle of each segment ranged from 0.88 to
0.94. It was therefore considered that the fitting degree was good. Dip direction and dip
angle obey the standard normal distribution in general. From this, the probabilistic model
and its parameters were determined for the dip direction and dip of each group of joints in
each section (see Table 3).

Table 3. Calibration of the parameters of the probabilistic model of the modified joint geome-
try elements.

Section Group
Dip Direction Dip Angle Diameter Linear

Density
(Strip/m)

Volume
Density

(Strip/m3)
Expectant

(◦)
Standard
Deviation

Expectant
(◦)

Standard
Deviation

Expectant
(m)

1⃝

1 251.3 6.51 52.8 4.32 3.65 0.42 0.46
2 30.7 7.67 74.0 3.75 2.89 0.28 0.09
3 189.8 3.93 60.0 4.45 2.67 0.62 0.12
4 97.0 9.87 72.3 4.55 2.30 0.46 0.13
5 351.3 1.09 64.9 2.09 4.96 0.28 0.16

2⃝

1 260.4 3.07 73.6 7.83 1.97 0.76 0.28
2 27.3 2.91 78.6 7.67 3.75 0.86 0.08
3 186.3 2.19 73.0 7.15 1.49 0.38 0.25
4 95.9 5.01 66.4 8.04 1.23 0.56 0.54
5 348.7 7.01 63.6 8.61 4.88 0.44 0.02
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Table 3. Cont.

Section Group
Dip Direction Dip Angle Diameter Linear

Density
(Strip/m)

Volume
Density

(Strip/m3)
Expectant

(◦)
Standard
Deviation

Expectant
(◦)

Standard
Deviation

Expectant
(m)

3⃝

1 257.6 5.10 74.2 6.59 2.19 0.86 0.26
2 24.3 7.17 74.9 6.27 2.73 1.02 0.20
3 195.0 4.97 63.3 5.67 1.50 0.36 0.23
4 86.3 5.41 81.2 5.59 1.05 0.56 0.74
5 340.7 8.77 70.6 7.73 4.90 0.26 0.15

4⃝

1 274.6 6.82 71.5 5.83 2.89 0.86 0.15
2 31.0 1.57 70.8 5.99 1.67 0.14 0.07
3 179.3 5.53 77.6 5.94 2.34 0.40 0.10
4 95.8 8.55 73.2 6.37 0.68 0.28 0.88
5 346.1 5.64 59.9 6.23 3.67 0.46 0.05

4.2. Probability Model of Joint Diameter

The size of the joint can be expressed by the diameter of the disk, but in reality, because
the diameter of the joint is difficult to measure directly, the joint diameter can be estimated
indirectly by the length of the joint trace [27]. The measured window method was used for
joint statistics, and the joints fell within the statistical window in three ways: contained, cut,
and intersected [28]. During the statistical process, it was found that most of the medium–
steeply dipping grown-up joints were developed in the study area, cut and jointed joints
were more developed, and contained joints were very few. Joint trace length estimation
methods include the point estimation method, the circular statistical window method, the
H-H trace length estimation method, the generalized H-H trace length estimation method,
and the Lastett trace length estimation method. According to the joint development
characteristics and the relationship between the joint and the measuring window, as well
as the comparison of the calculation results of various trace length estimation methods, the
generalized H-H trace length estimation method has a better calculation accuracy, so the
generalized H-H trace length estimation method is adopted [29,30] to calculate the joint
trace length in the study area:

L =
N1 + 2N0

N
(φ2 − φ1)h

cos φ1 − cos φ2
+

1
N ∑N2

i=1 Xi (1)

where N is the total number of a certain group of joints in the statistical window; N0 is the
number of joints in the cutting relationship; N1 is the number of joints in the connection
relationship; N2 is the number of joints containing the relation; φ is the angle between the
trace line of the structural surface and the top or bottom edge of the window; and Xi is the
visible trace length of the node of the ith inclusion relation.

The relative frequency of each group of trace lengths in each segment was calculated
using Formula (1), and the nonlinear curve was fitted to it (see Figure 8). The trace length
of each group obeys the standard normal distribution, and the goodness of fit ranges from
0.87 to 0.93. The fitting result is accurate.

Jia and Pan studied and counted various trace length theoretical distribution func-
tions [31,32]. When the trace length distribution function follows the standard normal
distribution, the probability density function is

h(L) = µ[1 −
∫ L

0
f (L)dL] (2)

for which:

f (L) =
1√
2πσ

e−
[L− 1

µ ]
2

2σ2 (3)
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where L is the trace length of the joint; µ is the center point density of the joint trace, µ = 1/L;
L is the average trace length of the joint; σ2 is the variance of the overall distribution of
joint trace length; and f (L) is the trace length probability distribution function.

Assuming that joint diameter D follows fD(D) distribution, then:

fD(D) =
π

4
f
(π

4
D
)

(4)

Then, the average joint diameter D can be expressed as follows:

D =
∫ ∞

0
D fD(D)dD = π

∫ ∞

0
D f

(π

4
D
)

dD (5)

According to the above analysis, the trace length probability density function of
different groups of each homogeneous differentiation section is brought into Formula (5) to
calculate the joint diameter and determine the probability model parameters of each group
of joint diameters (see Table 3).
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4.3. Estimation of Joint Density

The overall number of joints in the flat cave is determined by the joint volume density,
which can be extrapolated from the joint line density. Joint line density λd refers to the
number of joints intersecting the measurement line per unit measurement line length. In
general, the joint line density is obtained directly via the line measurement method when
the joints are counted on site. The joint shape is assumed to be a thin disk, and the formula
λv is as follows [33]:

λd = πλv

∫ ∞

0
R
∫ ∞

R
fr(r)drdR (6)

where R is the distance from the intersection point between the measuring line and the disk
to the outer edge of the joint; fr(r) is the probability distribution of the joint diameter.
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The joint volume density is related to the joint line density and the average trace
length. When the joint morphology conforms to the assumed thin disk, the approximate
calculation can be obtained via the following:

λv =
2λd

π2L2 (7)

where λv is the joint volume density; λd is the joint line density, which can be obtained
through statistical calculation; and L is the average trace length of the joint.

fr(r) can substitute the probability distribution of joint trace length of different groups
of each homogeneous section into Formula (4), and the volume density of each group of
joints in each section can be calculated according to Formula (7). The results are shown in
Table 3.

5. Classification of Rock Mass Structure Based on 3D Rock Block Index
5.1. 3D Joint Network Simulation

Based on the probability model and parameters of geometric elements such as oc-
currence, diameter, and volume density of each group of joints, the Monte Carlo method
was used to carry out a random simulation. According to the scope of the study area and
the size of the measured joint, the size of the data generation area was determined to be
5 m × 5 m × 5 m, considering that the distribution of joints had edge effects and the size of
the application area was included in the generation area. The size of the data application
area was 3 m × 3 m × 3 m, determined by cutting into the data generation area. Adjust the
orientation of the application area so that one side of it is consistent with the excavation
direction of the flat cave, and use the 3D visualization technology to generate the 3D joint
network model of the flat hole (see Figure 9).
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The test methods of graphical comparison and data comparison were applied to carry
out the validity test of the above 3D joint network model. Among them, the graphic
comparison is realized by naked eye comparison, and the error is large. The indicators
of data comparison include joint occurrence, diameter, etc. Generally, when the relative
error is less than 20%, the model data are similar to the prototype data. Taking section
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1⃝ as an example for detailed explanation, the 3D joint network model was cut, and the
ideal cross-section was taken for graphical and data comparison with the measured flat
cave joint distribution map, measured joint occurrence, and other data, respectively (see
Figures 10 and 11 and Table 4).
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Table 4. Data comparison accuracy analysis results.

Index Group Simulation Results
Relative Error (%)Expectant

Dip direction (◦)

1 247.8 1.4
2 28.1 8.4
3 186.2 1.9
4 92.5 4.6
5 335.1 4.6

Dip angle (◦)

1 49.5 6.3
2 69.5 6.1
3 55.6 7.3
4 70.0 3.2
5 61.5 5.2

Diameter (m)

1 3.7 16.7
2 2.9 15.4
3 2.8 10.2
4 2.3 12.0
5 5.0 11.4

A comparative analysis of the two-dimensional nodal trace distribution maps of
the nodal network model is shown in Figures 10 and 11. It is consistent with the actual
distribution of joints sketched in the field in terms of profile exposure. As can be seen
from Table 4, the relative error of each indicator of the 3D joint network model involved
in the data comparison is less than 20%. The above two methods are used to test the 2⃝,
3⃝, and 4⃝ sections, respectively, and the results are obtained within the permissible range.

In summary, it is shown that the 3D joint network model has a good statistical similarity
with the actual joint distribution, and the simulation results are relatively satisfactory and
basically meet the requirements of accuracy.

5.2. Three-Dimensional Rock Block Index

The rock block index (RBI) is defined as the cumulative value of the product of the
measured core lengths in flat caves or boreholes in terms of core acquisition rates of 3~10 cm,
10~30 cm, 30~50 cm, 50~100 cm, and greater than 100 cm as weights, multiplied by their
respective corresponding coefficients [19]:

RBI = 3 × Cr3 + 10 × Cr10 + 30 × Cr30 + 50 × Cr50 + 100 × Cr100 (8)

where Cr3, Cr10, Cr30, Cr50, and Cr100 are the core acquisition rates for cores 3–10 cm,
10–30 cm, 30–50 cm, 50–100 cm, and greater than 100 cm in length, expressed as percentages
and considered as weights.
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Because the excavation of the flat cave was carried out via blasting operations, it was
not possible to directly obtain the complete core take rate, so the above 3D joint network
model was used instead and virtual survey lines were arranged in different sidewalls to
represent the boreholes. According to the intersection and tangency between the joint
and survey lines, the spacing between the joint and survey lines was measured, and
the rock block indexes of the different boreholes were obtained through the calculation
of Formula (8). The RBI value of rock block index obtained using one borehole could
only determine the structural characteristics of the exposed wall in the direction of the
borehole or a certain excavation in the flat hole, and it was not possible to evaluate the
three-dimensional structural characteristics of the rock mass. Therefore, the concept of a
3D rock block index was proposed. It is the expected value of borehole RBI in different
orthogonal planes.

In the model, the XOZ surface, which is parallel to the excavation surface of the
flat cave, is defined as the front surface of the model; the vertical YOZ surface, which is
perpendicular to the excavation surface, is defined as the side surface of the model; and
the XOY surface, which is perpendicular to both the XOZ surface and the YOZ surface, is
defined as the top surface of the model. The above three orthogonal planes were selected
for the study of rock structure characteristics, and in each orthogonal plane, 36 virtual
survey lines were arranged at equal angles centered on the form center and at 5◦ intervals,
for a total of 108 survey lines (see Figure 12). After counting the RBI values corresponding
to the 36 virtual survey lines on different orthogonal planes, the RBI values on different
orthogonal planes are obtained (see Table 5). It can be seen that the distribution of RBI
values is different for each orthogonal plane.
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Table 5. Rock block index and rock mass structure classification results of each.

Section RBI Scope RBI Mean
Value

3D Rock
Block Index

Rock Mass
Structure Type

1⃝
Model front surface 39.12~42.19 40.66

41.18 Blocky structureModel side surface 35.81~41.32 38.20
Model top surface 41.10~48.24 44.69

2⃝
Model front surface 35.51~45.25 39.14

43.19 Blocky structureModel side surface 40.19~48.98 44.62
Model top surface 39.20~48.61 45.81

3⃝
Model front surface 55.35~59.42 58.41

56.38 Overall structureModel side surface 51.60~58.12 54.81
Model top surface 52.10~58.84 55.90

4⃝
Model front surface 57.32~64.98 61.80

61.87 Overall structureModel side surface 57.88~63.25 59.93
Model top surface 60.88~66.99 63.88

5.3. Classification of Rock Mass Structure

Rock mass quality classification is an indispensable link in rock mass engineering.
With regard to the research performed on rock mass quality classification, domestic and
foreign experts as well as scholars have conducted a substantial amount of work. Now,
it has formed a relatively perfect system. Since the 1970s, different rock mass quality
classification methods, such as RMR, SMR, RMS classification, and E. Hoek’s GSI classifica-
tion, have been proposed successively for the classification system of rock mass quality in
hydropower engineering [34–37]. The classification of rock mass structure types is the basis
of rock mass quality classification evaluation. It can comprehensively reflect geological
characteristics, structural plane properties, rock strength, rock deformation characteris-
tics, and other semi-quantitative indexes. Evert Hoek [38] conducted a detailed analysis
of the mechanical properties of rock mass through experiments and classified the rock
mass into four types of structures: loose structure, cataclastic structure, secondary block
structure, and blocky structure. According to the classification standard of rock mass
structure in the national standard “Code for Geological Investigation of Water Conservancy
and Hydropower Engineering” (GB50287-99) and the definition of RBI, Hu proposed the
classification standard of rock mass structure based on RBI [19,39].

According to the RBI index, rock structures can be divided into six types (see Table 6).

Table 6. RBI index classification and qualitative description of rock mass structure type.

Classification RBI Value Structural Characteristics of
Rock Mass

Rock Mass Structure
Type

I 50~100
The rock mass is extremely

complete, and the structural
planes are not developed

Overall structure

II 30~50 The rock mass is complete Blocky structure

III 10~30 The rock mass is
relatively complete

Secondary block
structure

IV 3~10
The rock mass is relatively

fragmented or with
poor integrity

Mosaic structure

V 1~3
The rock mass is fragmented
and the structural planes are

well-developed
Cataclastic texture

VI <1
The rock mass is extremely
fragmented in a loose and

massive state
Loose structure
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The 3D rock block index is used as a quantitative evaluation index to determine the
rock mass structure of the flat cave, and based on the classification criteria of the RBI index
in Table 6, the rock mass structure of each statistically homogeneous section of the long
exploratory cave CPD1 is classified. The classification results for rock mass structure are
shown in Table 5. In order to verify the reasonableness of the above rock mass structure
classification results, a flat cave seismic wave physical exploration test was carried out
on the long exploration cave CPD1. The measured seismic wave depth of the flat cave is
0~800 m. The surveying line is arranged on the left wall of the flat cave, 1 m high from
the bottom of the cave. Based on the first clear P-wave record and the continuous S-wave
record of the same phase axis, tP(x) and ts(x) of the initial arrival phase of the P-wave and
S-wave at each detection point are obtained from the original seismic record. Then, the
θP(x) and θs(x) curves are calculated. Then they are used to calculate the longitudinal and
transverse wave velocities in the rock, as follows:

vP = 2
∆x
∆θP

(9)

vs = 2
∆x
∆θs

(10)

where vP is the longitudinal wave velocity of rock mass; vs is the transverse wave velocity
of the rock mass; ∆x is the distance difference on the time distance curve; ∆θP is the time
difference on the θP(x) curve; ∆θs is the time difference on the θs(x) curve; and the unit for
each of the above parameters is m/s.

According to the measured longitudinal and transverse wave velocities of the flat cave
rock mass, the integrity coefficient of the rock mass is calculated via Formula (11). The
seismic wave test results are shown in Table 7.

kv =
vP
vPr

(11)

where vP is the longitudinal wave velocity of rock mass; vPr is the acoustic longitudinal
velocity of the intact and fresh rock mass. According to the previous and current test results,
the vPr value of fresh rock mass is 6000 m/s.

Table 7. CPD1 seismic wave test comprehensive results table.

Starting Point
(m)

Ending Point
(m)

Range Value of
KV

Average Value
of KV

Integrity
Evaluation

0 200 0.53~0.75 0.71 Relatively
complete

200 400 0.56~0.72 0.70 Relatively
complete

400 600 0.76~0.84 0.78 Complete
600 800 0.78~0.87 0.83 Complete

The seismic wave test of a flat cave is based on the rock integrity coefficient KV to
classify the rock integrity. Based on the rock block index (RBI) and integrity coefficient KV
for the rock structure and integrity evaluation criteria, the qualitative description of the
rock structure via the two methods is compared to obtain the correspondence between the
two. According to Table 5, the classification results of rock mass structure based on the
3D rock block index are consistent with the field test results. Therefore, it is reasonable
and feasible to use the 3D rock block index obtained from the joint network model as a
quantitative evaluation index to determine the structural type of rock mass in flat caves.
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6. Discussion

The 3D joint network simulation based on statistics and probability, which are in
turn based on the statistical laws of various geometric elements of joints, can achieve the
visualization of the rock mass structure. On this basis, the 3D rock block index is applied
to carry out the structural classification of flat cave rock mass, which overcomes many
limitations of traditional rock mass structure classification:

(1) Overcoming the limitation of having a single disaggregated indicator. The traditional
rock structure classification is related to the rock quality index (RQD) except for the
water conservancy and hydropower perimeter rock engineering geology classification
method, which does not use the rock quality index (RQD). The classification index
is single, and the RQD itself has shortcomings. For example, for a rock mass with
RQD = 90%, the block composition can be any size greater than 10 cm. However, the
integrity of rock mass varies greatly with different block compositions. This suggests
that the RBI values more accurately reflect the structural characteristics of the rock
mass than the RQD.

(2) Overcoming the limitation of dimension. From the definition, the rock block index
(RBI) is a one-dimensional index, while the rock mass is a three-dimensional space.
The same rock mass structure can be calculated to have different RBI values when the
measurement statistics of the boreholes are taken along different directions, which
indicate that the distribution of the rock mass joints tends to have obvious anisotropy,
and the use of single-direction measurements to categorize the rock mass structure is
inaccurate. Therefore, expanding one-dimensional indicators into three-dimensional
ones can provide a more realistic response to the rock structure.

It is worth noting that field site counts of core lengths in flat caves or boreholes are
based on weathering, unloading, or structural-type segmentation of the rock mass. In
terms of distribution probability, the range of RBI values in different directions of a certain
rock mass with certain weathering type or structural type is also determined, and the
corresponding relationship is very close. In addition, the 3D joint network simulation
is a non-physical simulation, which is only the same as the actual rock mass at the level
of statistical probability, but not in a specific position, that is, the “simulation” of the 3D
joint simulation. Therefore, extensive and detailed statistics on the original statistical data
of joints can effectively improve the precision of 3D joint network simulation, and the
obtained 3D rock block index can more accurately reflect the actual rock mass structural
characteristics.

7. Conclusions

(1) Taking the rock mass of the long exploratory cave CPD1 in the water transmission
system of the Qingtian pumped storage power station in Zhejiang province as the
research object, the rock mass of the flat cave is statistically homogeneous, and the
probability model of joint parameters in each homogeneous zone is obtained.

(2) According to the probabilistic model of joint parameters, the Monte Carlo method was
used to develop stochastic simulations of joints, and the 3D network model of joints in
the rock mass of a flat cave in each segment was established. Through the comparison
of graphs and data, it is concluded that the 3D joint network simulation based on
statistics and probability can realize the visualization of rock mass structure, effectively
improve the precision of the 3D joint network simulation, and more accurately reflect
the structural characteristics of actual rock mass.

(3) Based on the 3D joint network model, virtual survey lines are arranged on the front,
side, and top surfaces of the model to represent the borehole, and the RBI values of
108 virtual survey lines on the three orthogonal planes are counted. Using the concept
of 3D rock block index, the fine classification of the flat cave rock mass structure is
conducted. The results of the structural classification of flat cave rock mass based on
the 3D rock block index show that the rock mass structure of the long-tunnel CPD1 is
classified as that which is from overall structure to blocky structure, corresponding to
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the integrity of rock mass being complete to relatively complete. The classification
results are consistent with the evaluation results of horizontal tunnel seismic wave
geophysical exploration.

(4) Compared with traditional rock mass classification methods and classification indexes,
the 3D rock block index can more accurately reflect the structural characteristics of
rock mass. It can be used as a quantitative index to directly reflect the anisotropy
of rock mass structure in three-dimensional space. Therefore, it is reasonable and
feasible to use the 3D rock mass index as a quantitative evaluation index to analyze
the type of rock structure, and it is helpful and meaningful in the classification of
underground engineering rock structures.
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