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1. Introduction 
 

RQD in mineral deposits is one of the most important 

indicators to evaluate the rock engineering, and its accurate 

prediction is crucial to the success and safety of engineering 

(Liu et al. 2015, Liu et al. 2021, Yin et al. 2022, Zhang et 

al. 2012, Junaid et al. 2024a, Junaid et al. 2024b, Junaid et 

al. 2023). RQD prediction and engineering modeling is an 

important problem in geological engineering, and related 

research has a long history. Current methodologies for RQD 

prediction and engineering modeling include: statistical 

methods, machine learning methods, and artificial 

intelligence methods (Mahmoodzadeh et al. 2021, 

Murlidhar et al. 2021, Peng et al.  2021, Zhou et al. 2020). 

RQD is the ratio (expressed as a percentage) of the 

cumulative length of columnar cores greater than 10 cm per 

run to each drillback run. Statistical methods are one of the 

most commonly used methods in RQD prediction of 

mineral deposits, which include least squares and regression 

analysis. These methods build RQD prediction models by 

performing mathematical statistical analysis on sampled 

data to derive prediction results. Although these methods 

have the advantages of simplicity and ease of use and small 

amount of data, their prediction accuracy is low and limited 

by problems such as uneven distribution of sampling points 

and insufficient number of samples (Alipour and  
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Mokhtarian 2021, Hsiao et al. 2020, Pourhashemi et al.  

2021, Xia et al. 2022). Machine learning methods are 

emerging methods in RQD prediction of mineral deposits in 

recent years, which include support vector machines and 

artificial neural networks. These methods can solve the 

problems of uneven data and insufficient quantity to a 

certain extent and improve the prediction accuracy by 

learning from a large amount of data and building 

prediction models. However, these methods need the 

support of large amount of data and computing resources, 

which are computationally intensive, and the interpretability 

of the models is low (Alzubaidi et al. 2022, Nanehkaran et 

al. 2022). In addition to the above methods, there are some 

other prediction methods, such as fuzzy mathematics and 

genetic algorithm. These methods can improve the 

prediction accuracy to a certain extent, but their 

applicability and effectiveness still need to be further 

explored (Armaghani et al. 2019, Hu et al. 2022, Tao et al. 

2022, Xie et al. 2022, Zhang et al. 2022). 

The traditional RQD prediction method suffers from the 

problems of insufficient sampling points, improper 

sampling methods, and uneven sample data, resulting in low 

accuracy of prediction results, which is difficult to meet the 

demand of engineering modeling. Therefore, the RQD 

prediction technology of mineral deposits based on Kriging 

interpolation method has become a research hotspot. 

Kriging interpolation method is an interpolation method 

based on spatial statistics, which has the advantages of high 

accuracy, high efficiency and independent of sampling point 

distribution, and can effectively improve the accuracy and 

reliability of RQD prediction of mineral deposits 

(Armaghani et al. 2019, Madani et al. 2018). 

Kriging interpolation method is a spatial interpolation 

method based on the principle of statistics, whose basic idea 
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is to analyze and model the spatial variability of the 

sampled data, and then predict the value of the unknown 

location (Aalianvari et al. 2018, Aziz et al. 2017, Kim et al. 

2023, Masoud and Aal 2019, Ozturk and Simdi 2014). The 

application of Kriging interpolation method in the study of 

mineral deposits is relatively extensive, mainly including 

the following aspects: (1) deposit reserve assessment: by 

performing Kriging interpolation on the sampled data of 

mineral deposits, the ore content at unknown locations 

within the deposit is predicted, and then the reserve and 

value of the deposit are assessed. (2) Deposit Exploration: 

By performing Kriging interpolation on the deposit 

exploration data, the ore content and composition of 

unknown locations within the deposit are predicted, which 

in turn guides mine exploration and mining. (3) Deposit 

characterization: By performing Kriging interpolation on 

deposit sample data, the physical properties and geological 

characteristics of unknown locations within the deposit are 

predicted, and then the formation mechanism and evolution 

law of the deposit are studied in depth. 

Kriging interpolation method has also been widely used 

in the prediction of RQD of mineral deposits. Through 

statistical analysis of the sampled data, Kriging 

interpolation model is established to make accurate 

prediction of the data such as RQD of the deposit. These 

prediction results can provide an important reference basis 

for mine mining and help mine mining planning and design. 

At the same time, Kriging interpolation method can also 

improve the prediction accuracy and reduce the data 

sampling volume and error, which has important application 

value. 

The purpose of this paper is to develop a geostatistical 

framework for RQD prediction and engineering modeling 

of ore deposits based on Kriging interpolation method, in 

order to solve the shortcomings of traditional prediction 

methods and provide a reliable prediction and modeling 

basis for mine mining. This study will explore the effect of 

Kriging interpolation in RQD prediction and engineering 

modeling of mineral deposits through an in-depth 

discussion of the principle and application of Kriging 

interpolation method, combined with practical case studies, 

aiming to improve the safety, economy and efficiency of 

mineral deposit mining, which has important theoretical and 

practical significance. 

While diverse interpolation methods exist for RQD 

prediction, their limitations in mining contexts warrant 

careful consideration: 

Inverse Distance Weighting (IDW) relies solely on 

proximity-based weighting, ignoring spatial anisotropy 

critical in faulted terrains and lacking error quantification. 

Spline methods generate smooth surfaces but oversimplify 

geological discontinuities and produce edge artifacts. 

Artificial Neural Networks (ANN) require large datasets 

(>10,000 samples) for robust training and offer low 

interpretability of spatial weights Kriging was selected for 

its unique ability to: Model directional variability through 

semi-variograms; Quantify prediction uncertainty via 

Kriging variance, Preserve geologically significant 

boundaries, and Achieve higher accuracy with moderate-

sized datasets. 

 

Fig. 1 RQD smoothness test flow chart 

 
 
2. RQD prediction method based on Kriging 
interpolation 

 

2.1 RQD smoothness assumption and data 
transformation 

 
The RQD of the spatial zone of a geological exploration 

borehole is the determined value of the borehole location, 

hole depth and orientation spatial zone position x0 (x, y, z), 

and RQD is treated as a regionalized random variable 

denoted as RQD(x). That is, RQD is a function related to 

the spatial location x of a certain exploration borehole, 

which varies with the spatial variability of geological 

formations and has spatial variability. 

In order to statistically and analyze the spatial 

distribution pattern of RQD(x), and to make an estimate of 

RQD(xi) in the adjacent unknown region, the assumption of 

smoothness of RQD(x) in the study area is needed. That is, 

the mean and variance of RQD(x) mainly depend on the 

correlation between the geological core RQD sample data 

on the distance h, and are independent of the data spatial 

location x. Therefore, the smoothness of RQD(x) in the 

region needs to be tested before modeling with the semi-

variance function. 

This was done by taking a number of parallel lines at 

equal distance intervals on a selected rock plane. For each 

parallel line, the RQD values along the line direction are 

measured in the usual way and the average value is 

calculated. The average value of each parallel line forms a 

series, and then the smoothness test is performed on this 

series (Fig. 1). This test determines whether the series is 

statistically stationary. If the series is smooth, its statistical 

properties do not change over time and can be applied in 

areas such as time series analysis and forecasting. The 

smoothness test of RQD(x) using the average RQD profile 

method can improve the reliability and accuracy of rock 

engineering design, thus better ensuring the stability and 

safety of the rock mass. 

Heteroskedasticity indicates unequal variances in RQD 

measurements across spatial locations, i.e., the inconsistent size 

of data fluctuations. To describe the variation of RQD(x) in 

space, it can be described by the mean and variance of 

RQD(x). Therefore, assuming that RQD(x) obeys a Gaussian  
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Fig. 2 Semi-variable function of RQD(x) 

 

 
distribution, the original RQD(x) data can be transformed into 
the standard Gaussian distribution function RQDNor(x) using the 
normal score method. The effect of this method is to 
effectively reduce the difference between the extreme values of 
RQD(x), while reducing the heteroskedasticity in the RQD 
data. 

The normal score transformation maps raw RQD(x) data 
onto a standard Gaussian distribution, which eliminates the 
heteroskedasticity and skewness between the data and 
makes the data more consistent with the assumption of a 
normal distribution. In the normal score method, the data 
are standardized by calculating the mean and standard 
deviation of the original data, and then the normal 
distribution function is used to find the corresponding 
quantile to obtain the transformed standard normal 
distribution data. 

 

2.2 Semi-variance function analysis 
 

To link the traditional statistical characteristics (mean m, 

variance 𝜎2 ) to spatial locations and to study the spatial 

correlation properties of the regionalized random variable 

RQD(x) at different locations x and x+h, the self-covariance 

function C(h) is introduced as follows 

𝐶(ℎ) = 𝑐𝑜𝑣[𝑅𝑄𝐷(𝑥), (𝑥 + ℎ)]
= 𝐸[𝑅𝑄𝐷(𝑥)𝑅𝑄𝐷(𝑥 + ℎ)] − 𝑚2 (1) 

The variance function is a tool for structural analysis of 

regional variables and a means of describing the non-

homogeneity of the object of study. The variation function 

𝛾(ℎ)  is defined as the variance of the increment of the 

regional variation. 

γ(ℎ) =
1

2
𝐸{[𝑍(𝑋 + ℎ) − 𝑍(𝑋)]2} (2) 

Where: 𝑍(𝑋) and 𝑍(𝑋 + ℎ) are the variation of two 

regions at a location X and h away from it in space, 

respectively. Usually, the variogram cloud is obtained by 

plotting the distance between two points and the variation 

value as the horizontal and vertical axes. Then the 

variogram cloud is divided into several groups by setting 

the lag distance, and finally the average variation function 

value is calculated, i.e., the experimental variation function 

γ∗(ℎ)is used to estimate γ(ℎ), the specific formula is 

γ∗(ℎ) =
1

2𝑁(ℎ)
∑ [𝑍(𝑋𝑖 + ℎ) − 𝑍(𝑋𝑖)]

2𝑁(ℎ)
𝑖=1     (3) 

Where: h is the lag distance; 𝑁(ℎ)is the number of data 

pairs corresponding to lag distance h; 𝑍(𝑋𝑖), 𝑍(𝑋𝑖 + ℎ) are 

the measured values of 𝑋𝑖and 𝑋𝑖 + ℎ points, respectively. 

The RQD(x) semi-variance function is characterized by 

three parameters: the block gold value 𝛾 0, the abutment 

value C, and the variation range h (Fig. 2), which is the key 

function reflecting the spatial variability and correlation of 

the RQD (Fig. 2). 
Assuming that RQD is RQD(x) at a point x in a 

geological borehole space, the correlation between RQD(x) 

and RQD(x+h) can be expressed as 

2)]()([
2

1
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hxRQDxRQDVarh
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+−=
 

(4) 

Under the smoothness assumption, the semi-variance 

function of RQD(x) in the study area can be obtained from 

the average estimate of RQD(xi) for known data. 

 
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+−=
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1
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i

ii hxRQDxRQD
hN

h  (5) 

where, N(h) is the number of all point pairs at distance h in 

the study area, and RQD(xi) denotes the RQD value at the 

location. 

 

2.3 Principle of Kriging interpolation method 
 
In this paper, Kriging interpolation is used to interpolate 

the prediction of the adjacent unknown region RQD. 

Kriging interpolation has linear, unbiased and optimal 

estimation properties. In addition, Kriging explicitly 

corrects prediction bias induced by irregular data clustering. 

The principle of Kriging interpolation is as follows 

Let 𝑅𝑄𝐷(𝑥1), . . . , 𝑅𝑄𝐷(𝑥𝑛) be a set of known data near 

the location to be predicted, then the estimated value of 

RQD*(x0) at the location can be estimated by a linear 

combination of known data 

)()(
1

0

*

i

n

i

i xRQDxRQD 
=

=   (6) 

where the weight coefficients are given by the unbiasedness 

and optimality conditions, and to ensure the unbiasedness of 

RQD*(x0), set 

1
1

=
=

n

i

i  (7) 

To ensure optimality then the error variance of 

RQD*(x0) is minimized 

𝑆 = 𝑀𝑖𝑛{𝑉𝑎𝑟[𝑅𝑄𝐷(𝑥0) − 𝑅𝑄𝐷
∗(𝑥0)]}

=   𝑀𝑖𝑛{𝑉𝑎𝑟(𝑅𝑄𝐷(𝑥0)

− 2∑𝜆𝑖

𝑛

𝑖=1

𝑐𝑜𝑣[ 𝑅𝑄𝐷(𝑥𝑖), 𝑅𝑄𝐷(𝑥0)]

+∑∑𝜆𝑖

𝑛

𝑗=1

𝑛

𝑖=1

𝜆𝑗 𝑐𝑜𝑣[ 𝑅𝑄𝐷(𝑥𝑖), 𝑅𝑄𝐷(𝑥𝑗)]} 

(8) 
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(a) Drill hole location map 

 

(b) Drill hole space distribution map 

Fig. 3 Location and spatial distribution of geological 

survey boreholes in the 323-South section 

 

 

where 𝑐𝑜𝑣[ 𝑅𝑄𝐷(𝑥𝑖), 𝑅𝑄𝐷(𝑥𝑗)]  is the covariance of the 

two points, and RQD*(x0) is obtained by solving Eqs. (6)-

(8) jointly, at which point S is said to be the Kriging 

variance. 

To solve for the minimum error variance S, i.e., to find 

the minimal value of Eqs. 8 under Eqs. (7), introduce the 

Lagrange factor φ, construct the function to derive and have 

{
 
 

 
 
𝜕[2∑ 𝜆𝑖

𝑛
𝑖=1 𝛾(𝑥𝑖 − 𝑥0) − ∑ ∑ 𝜆𝑖

𝑛
𝑗=1 𝜆𝑗𝛾(𝑥𝑖 − 𝑥𝑗)

𝑛
𝑖=1 − 2𝜑(∑ 𝜆𝑖

𝑛
𝑖=1 − 1)]

𝜕𝜆𝑗
= 0  𝑗 = 1,2,⋯𝑛

𝜕[2∑ 𝜆𝑖
𝑛
𝑖=1 𝛾(𝑥𝑖 − 𝑥0) − ∑ ∑ 𝜆𝑖

𝑛
𝑗=1 𝜆𝑗𝛾(𝑥𝑖 − 𝑥𝑗)

𝑛
𝑖=1 − 2𝜑(∑ 𝜆𝑖

𝑛
𝑖=1 − 1)]

𝜕𝜑
= 0  

   
 

    

(9) 

That is 

∑𝜆𝑖

𝑛

𝑖=1

𝛾(𝑥𝑖 − 𝑥𝑗) + 𝜑 = 𝛾(𝑥𝑖 − 𝑥𝑗)

∑𝜆𝑖

𝑛

𝑖=1

= 1

 (10) 

 

Written in matrix form as 

11 1 1 01

1 0

1

1

1 1 0 1

n

n nn n n

   

   



=  (11) 

 

 

3. Project example 
 
3.1 Project overview 

 
Fig. 4 RQD distribution histogram of engineering 

exploration drilling in 323S mine 

 

 

Fig. 5 Trend analyses of RQD 

 

 

The Qinglonggou mine (Qinghai Province, China) is 

situated approximately 95 km northwest of Dachaidan, its 

323-South section of the mine coordinates range: X: 10350- 

11250 m, Y: 13250-14150 m, Z: 3250-3550 m, the mine 

area range is 900m long and wide each, the ore body buried 

above the level of 3250 m, the depth is about 300 m. The 

geological exploration borehole network degree is 

40m×40m (Fig. 3(a)), and the number of geological 

boreholes is 126, of which 118 geological boreholes 

counted RQD values (Fig. 3(b)), and the cumulative number 

of RQD groups counted is 4,457 groups. Fig. 4 shows that 

RQD values predominantly range between 25–75%, 

accounting for 66% of observations 

 

3.2 Stability assumptions and data transformations 
 
Based on 323 South geological borehole location, hole 

depth and orientation, a three-dimensional model of 323 

South geological borehole RQD is established (Fig. 3(b)). 

The RQD of a certain geological exploration borehole 

spatial section is the determined value of borehole location, 

hole depth and orientation spatial section location x0(x, y, z), 

and the RQD is defined as a regionalized random variable 

RQD(x), that is, the RQD is a function related to a certain 

exploration borehole spatial location x, which varies with 

the geological structure spatially and has spatial variability. 
In this paper, the mean RQD profile method is used to test 

the smoothness of RQD(x). The average RQD profile 

method is a method to test the smoothness of RQD(x). The 

basic idea is to average multiple RQD values of the sampled 

line and use the average value along the length of the rock  
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Fig. 6 Histogram of normal transformation scores 

 

 

Fig. 7 Omnidirectional semi-variable function (h=3 m) 

 

 

as a new series, and then test whether this series is smooth 

by statistical methods. The results are shown in Fig. 5. 

To address heteroskedasticity in RQD(x), assuming that 

RQD(x) obeys Gaussian distribution, the characteristics of 

RQD(x) at any position x in space can be described by the 

mean and variance of RQD(x). The normal score method is 

used to transform the original RQD(x) data into the standard 

Gaussian distribution function RQDNor(x) (Fig. 6), which 

effectively reduces the difference between the extreme 

values of RQD(x) and also reduces the heteroskedasticity in 

the RQD data. 
 

3.3 Semi-variance function analysis 
 
By establishing the horizontal omnidirectional semi-

variance function of RQD(x) of the geological borehole 

(Fig. 7) and the semi-variance function along the orientation 

of the geological borehole (Fig. 8). From Figs. 7 and 8, it 

can be seen that both the horizontal omnidirectional semi-

variance function of the geological borehole and the semi-

variance function along the borehole orientation have 

obvious trend-up and smooth segments. The fit is basically 

consistent with the RQD(x) theoretical semi-variance 

function (Fig. 2), which has good spatial structure in the 

whole. 

Owing to mineralization mechanisms and geological 

structures of the rock mass in the 323 South section, the 

RQD(x) has different continuity in each direction, which 

leads to the anisotropy of the RQD(x) semi-variance 

function. In this paper, we only consider the geometric  

 

Fig. 8 Downhole semi-variable function (h=3 m) 

 

 
(a) Azimuth 22.5°, inclination 0°，h=3 m 

 
(b) Azimuth 172.55°, inclination -45°，h=3 m 

Fig. 9 Theoretical semi-variable function in different 

directions 

 

 

anisotropy of the semi-variance function, that is, the semi-

variance function has the same block gold value γ0 and 

different variation h in different directions, and characterize 

its geometric anisotropy by the ratio of the variation in each 

axis direction. Meanwhile, the RQD(x) sample data present 

a non-uniform and irregular distribution, which constrains 

the direction and range of searching RQD(xi) sample data 

point pairs to obtain the priority sampling data point pairs. 

111



 

Xingdong Zhao, Lei Deng and Ye Bai 

 

Table 1 Parameters of theoretical semi-variable function 

Angle 
Theoretical 

model 

Nugget 

Value 

Abutment 

value 

Variable 

range/m 

Azimuth 22.5°, 

inclination 0° 
Index Model 0.40 0.58 160 

Azimuth 165°, 

inclination 45° 
Index Model 0.40 0.56 140 

 

 
Azimuth 300°, inclination -45°，h=12 m 

Fig. 10 Secondary semi-variogram 

 

 

In order to quantitatively characterize the spatial 

structure of RQD(x) in the mine area, the maximum 

continuity direction of RQD(x) needs to be determined first, 

mainly considering the spatial structure of parameters and 

variables related to the horizontal and vertical directions of 

geological boreholes through geological bodies and 

structures. In this paper, two main planes of inclination 0° 

and -45° are selected based on the design angle of 

geological drill holes in the 323-South section of 

Qinglonggou Mine. In each main plane, the constrained 

cone search body was used to analyze the continuity of 

RQD(x) in different orientations and obtain the optimal 

continuity orientation in the two main planes (Fig. 9). 

The ideal RQD(x) semi-variance function should have a 

smaller block gold value γ0 and a larger variation range h. 

According to the analysis results of the RQD semi-variance 

function of the actual geological exploration borehole on 

site (see Table 1), it can be seen that RQD has a larger 

variation range in the direction of azimuth 22.55° and dip 

0°, so the direction is set as the main axis direction. 

After determining the RQD(x) principal axis direction 

and semi-variance function, the best semi-variance function 

of the secondary axis was obtained by observing different 

secondary axis directions and continuously adjusting the 

step h to obtain the best semi-variance function of the 

secondary axis, and adjusting the ratio of the RQD(x) 

principal axis variation to the secondary axis variation to 

make the best fit of the theoretical semi-variance function in 

the secondary axis direction (Fig. 10). The short-axis 

direction is perpendicular to the maximum continuity plane 

where the major axis and the minor axis are located. By 

continuously adjusting the step h in the short-axis direction  

Table 2 Anisotropic structural parameters 

Parameters 
Spindle 

azimuth 

Spindle 

tilt 

angle 

Secondary 

axis tilt 

angle 

Primary/secondary 

axis 

Primary/ 

short axis 

Value 22.5° 0° -45° 1.26 1.41 

 

 
Azimuth 120°, inclination -45°，h=12 m  

Fig. 11 Minor semi-variable function 

 

 

and the ratio of the major axis variation to the short-axis 

variation, the theoretical semi-variance function of RQD(x) 

also achieves the best fit in the short-axis direction (Fig. 

11). 

 

It can be seen in the Table 2 that the theoretical semi-

variance functions are better structured in the major axis 

and minor axis directions, while slightly less structured in 

the short axis direction, which is mainly due to the complex 

geological formations in the region that affect the spatial 

structure of RQD. 

 
3.4 Kriging interpolation RQD 3D prediction modeling 
 
The block model was established in 3DMine software. 

Since the vertical depth of open pit mining in the 323-South 

section is 300 m, the horizontal length and width are 900 m 

each, the height of the open pit step is 12 m, and the length 

of the drill hole return is 3 m. In order to accurately 

characterize the spatial distribution of RQD in the 323 

South section, the block was set to 6 m × 6 m × 3 m, with a 

total of 2.3 × 10^6 units. To ensure the local accuracy of the 

RQD model, ordinary Kriging was used for RQD 

interpolation of the block; the block RQD semi-variance 

function and anisotropic structure parameters are shown in 

Tables 1 and 2. For the number of sample points constraint, 

a minimum of 3 sample points and a maximum of 12 

sample points are taken for each cell valuation. The RQD 

3D predicted block model was obtained by adding surface, 

side slope extent and mining pit DTM for constraint display 

(Fig. 12). From Fig. 12, it can be seen that the rock masses 

in the near-surface layer of the 323 South section exhibit 

rock fragmentation and incompleteness, while the rock 

integrity is better in the deeper part of the mining pit 

exposures. 
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Fig. 12 RQD estimation 3D model 

 

 

Fig. 13 Kriging cross validation results 

 

Table 3 Performance indicators of Kriging estimation 

Number of 

samples/pc 

Root Mean Square 

Error/RMSE 

Correlation 

coefficient/ 2R  

Regression 

slope/k 

4457 14.12 0.69 0.83 

 

 

3.4.1 Model validation and evaluation 
In order to check the accuracy of the Kriging 

interpolation RQD 3D prediction model, this paper uses the 

cross-validation method for verification. The RQD at a 

known location in the RQD 3D prediction model is first 

hidden, and then the estimated RQD at that location is 

calculated from other known RQD by Kriging interpolation 

prediction. Predicted RQD values were compared with 

measured values to quantify accuracy. The textbook cross-

validation comparison was performed for all RQD sample 

points. The cross-validation results are shown in Fig. 13, 

where the black color is the RQD true value curve and the 

red color is the least squares regression line of the RQD 

interpolated predicted value, and the deviation values of the 

two are small. The corresponding regression parameters are 

shown in Table 3. 

where the root mean square error of RQD prediction is 

N

xRQDxRQD

RMSE

N

i

ii
=

−

= 1

2* ))()((

 
(12) 

Where RQD(xi) indicates the true value of RQD at the 

point and RQD(xi)* is the predicted value of RQD at the 

point, according to which the RQD 3D prediction model 

established by the calculation has a prediction accuracy of 

70% on the whole. 

 

Fig. 14 Instability of the west wall in 323 South mine 

 
 

3.4.2 323 South mine section excavation slope 
verification 

According to the RQD three-dimensional prediction 

model, it can be seen that the RQD of the 323 South section 

shows a certain striped distribution on the whole (Fig. 14). 

The RQD has small variability and strong continuity in the 

north-south direction, while it has large variability and poor 

continuity in the east-west direction. Meanwhile, RQD 

shows non-uniformity locally and has a significant spatial 

clustering effect. By adding constraints such as ground 

surface in Fig. 14, the prediction model of 323 South 

section is made consistent with the actual mine mining 3D 

model, and the side slopes of 323 South open pit are 

progressively excavated and exposed based on the open pit 

mining sequence of 323 South section. In the RQD 3D 

prediction model in Fig. 12, a large area of low-quality rock 

(RQD=0-25%) appears in the eastern northern side gang 

and the western local side gang of the open pit in the 323 

South section. Also, in Fig. 14, a slope slide and a large 

fracture occurred in the western side gang of the mining 

area, which is consistent with the potential landslide area 

(poor quality rock side gang) revealed by the RQD model. 

It can be seen that the RQD 3D prediction model can 

identify and judge the spatial location of potential poor-

quality engineered rock bodies (RQD=0-25%) in the mining 

area, and can over-judge the location of unstable slopes and 

provide basic information for slope stability control and 

support reinforcement. 

 

3.4.3 RQD variation characterization 
Based on the fault data of the 323 South section and 

field site investigation data, the geological structure model 

of the 323 South section of the Qinglonggou gold mine was 

established through the solid modeling module in 3DMine, 

and the cross-sectional RQD cloud map was obtained 

through the tangential RQD 3D prediction block model 

(Fig. 15). Due to the low RQD value of the fault structure 

(below 50%), the distribution of the fault structure and its 

orientation can be clearly seen, which controls the main 

spatial variation characteristics of the RQD 3D prediction 

model of the 323 South section. 

Different rock types usually have different physical and 

mechanical properties. The rock types in the 323 South 

section mainly include shallow metamorphic rocks 

(kilohertz, schist), carbonate rocks (dolomite), and hard  
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intrusive rocks (meta diorite and gabbro). The geological 

profile was obtained by delineating and circling the 

lithologic divisions in the drill hole section of the 18-

exploration line (see Fig. 3(b) for location), and the RQD 

distribution cloud map was obtained by cutting the 3D 

block model. The RQD distribution in the same lithological 

section of the original drill hole of the mining pit was 

obtained and statistically analyzed by the section circling 

module (Table 4). 

As shown in Table 4 and Fig. 16, the spatial variability 

of RQD varies between different lithologies. 323 South 

section is composed of schist and schist in the east and 

west, and the original rocks are mainly carbonate, siliceous 

and mudstone. The integrity of the rocks is poor due to the 

geological structure and weathering, while the deep 

carbonate dolomite and metamorphic rocks have better 

integrity due to the hardness of the rocks and the distance 

from the tectonic zone, with RQD values above 60%. The 

above analysis indicates that the spatial variability of the 

RQD 3D prediction model is the result of the combined 

effect of geotectonic activity and weathering conditions. 

 

 

 

 
 
4. Conclusions 
 

In this paper, we apply geostatistical methods to analyze 

and model the spatial structure of RQD data from 

geological exploration drill holes in the 323 South section 

of the Qinglonggou gold mine, and draw two conclusions as 

follows. 

 The mean RQD value (48.15) indicates moderately 

fractured rock in the 323-South section. The 

coefficient of variation is 0.45, which has a medium 

degree of variation. The semi-variance function 

analysis indicates that the RQD has good spatial 

structure. RQD spatial variability is primarily 

controlled by geological structures (faults), lithology, 

and weathering intensity. 

 Kriging interpolation was used to construct the RQD 

3D predictive block model of the 323 South section to 

predict and characterize the spatial distribution of rock 

quality RQD in the 323 South section. The model 

successfully identified low-RQD zones (0–25%) 

corresponding to actual slope failures. 

 
 

Table 4 RQD statistical indicators of different types of rock masses 

Rock type Dolomite Gabbro 
Metamorphic  

amphibolite 
Schist 

Chimei  

Rock 
Sandstone 

Quaternary  

sediments 

RQD Mean Value 63 57 61 38 42 31 5 

Cumulative length/m 1300 1045 994 2558 2933 382 1500 

Standard deviation 22 24 19 21 23 13 0.6 

Coefficient of variati

on/cv 
0.32 0.39 0.31 0.55 0.54 0.42 0.12 

 

 

Fig. 16 Geological profile and RQD distribution cloud map of exploration line 18 
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