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Introduction: Accurate characterization of concealed orebodies in complex
geological environments remains a principal challenge in deep mineral
exploration. In particular, the strong spatial interdependence between
continuous (e.g., grade) and categorical (e.g., lithology) variables greatly
increases the complexity of three-dimensional modeling and uncertainty
assessment.

Methods: In this study, we implement a unified co-simulation workflow
integrating Plurigaussian simulation and the Turning Bands algorithm to co-
simulate ore grade and rock type data from drillholes. The approach explicitly
captures both auto-correlations and cross-correlations between variables,
enabling realistic spatial reproduction of orebody geometry and internal
heterogeneity.

Results: The resulting three-dimensional stochastic models effectively represent
the spatial anisotropy and variability of mineralization, accurately delineating
orebody continuity and its lithological controls.

Discussion: These results not only enhance the understanding of ore distribution
at the Shuiyindong deposit but also identify zones with high spatial variability
that warrant further deep exploration. Although sparse drilling data introduce
local uncertainty, the workflow demonstrates a practical framework for three-
dimensional geological modeling and uncertainty management in similarly
heterogeneous ore deposits.

KEYWORDS

3D geological modeling, co-simulation, grade modeling, rock type modeling,
Shuiyindong gold deposit, uncertainty analysis

1 Introduction

In recent years, advances in three dimensional (3D) geological modeling have
strengthened Earth science research and provided practical support for mineral exploration
(He et al., 2015). Beyond visualization, modern 3D models are increasingly expected
to quantify spatial uncertainty and to integrate heterogeneous information, thereby
optimizing target selection and risk management (Li et al, 2018; Chen et al, 2019
Ciazela, 2025; Guo et al,, 2025). This transition has been significantly underpinned by
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FIGURE 1
Flow diagram of co-simulation of continuous and categorical variables.

methodological innovations, most notably implicit modeling
and probabilistic simulation. Implicit modeling facilitates rapid
scenario testing by representing geological units as continuous

scalar fields (Li et al, 2024; Adoko and Madani, 2024).
While probabilistic approaches utilizing ensembles help
Frontiers in Earth Science

02

evaluate decision robustness by quantifying grade uncertainties
(Bolarinwa et al., 2024).

A core task in mineral deposit evaluation is the construction
of 3D models of grade and rock types, which underpin
resource estimation and geological characterization, respectively
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FIGURE 2
(a) Regional geological map of the Shuiyindong gold deposit (modified from Hu et al.,, 2024); (b) Profile of exploration line 7 in Shuiyindong Gold

deposit (modified from Liu et al.,, 2017)

(Emery, 2007; Pyrcz et al, 2015). These variables are often  may bias estimates of ore tonnage and average grade; furthermore, it
interdependent: grade varies systematically with lithology and  may misrepresent transitions between geological units. (Emery and
lithological boundaries. Neglecting their spatial interdependence  Silva, 2009). Consequently, a robust framework must simultaneously
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TABLE 1 Basic statistics of grade data contained in different rock types.

10.3389/feart.2026.1749476

Rock type Data points Average Variance Median Min
1 (Non-mineralized lithology) 7,504 0.191 0.221 0.07 0 3.98
2 (Bioclastic limestone) 1,045 0.83 1.987 0.14 0 3.98
3 (Calcareous sandstone) 554 0.33 0.567 0.11 0.0025 3.98
4 (Breccia) 276 0.609 1.146 0.18 0.0025 3.98
5 (Claystone) 3,909 0.2 0.2878 0.07 0 3.98

FIGURE 3

(a,b) Scatterplot of lag of boundary properties; (c,d) Mean grade graphs analysis between rock types.

capture the continuity of individual variables and the dependence
among them, while honoring the conditioning data.

Geostatistical frameworks offer various strategies to address the
co-simulation of continuous and categorical variables. Traditional
cascade workflows, which simulate geology prior to grade, remain
common in practice. However, this approach often imposes
artificial “hard” boundaries, effectively severing the spatial cross-
correlation between variables (Deutsch and Journel, 1998; Emery
and Silva, 2009). While alternatives such as Sequential Indicator
Simulation or Multiple Point Geostatistics improve categorical
modeling, they present their own challenges. These algorithms
are often sensitive to sparse conditioning data or training image

Frontiers in Earth Science

representativeness, and they frequently struggle to explicitly
reproduce joint spatial dependence in complex geological settings
(Goovaerts, 1997; Hu and Chugunova, 2008).

Gaussian random field frameworks offer a rigorous
mathematical foundation for the co-simulation of mixed variables
(Maleki and Emery, 2015; Silva and Deutsch, 2019). Plurigaussian
simulation has proven effective for modeling categorical variables.
This technique transforms multiple Gaussian random fields into
lithological domains via truncation rules, effectively reproducing
both simple and complex geological contact relationships
(Matheron et al., 1987; Galli et al., 1994; Beucher and Renard, 2016;

Veliz et al., 2023). For continuous variables, the Turning bands
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FIGURE 4
(a) Vertical scale curve of rock types. (b) Truncation rules in study area.

TABLE 2 Variation function setting parameters.

Parameters Number of lags Unit lag separation distance Lags tolerance = Azimuth Bandwidth Dip

Horizontal 44 28

Vertical 7 28

algorithm represents an efficient method for non-conditional
co-simulation, which can be subsequently conditioned using
co-kriging, thereby simultaneously honoring available data and
capturing the cross-correlations between variables (Emery and
Lantuéjoul, 2006).

However, the application of these frameworks to complex
Carlin-type environments remains limited. Unlike the stratiform
copper deposits analyzed by Maleki and Emery (2015), the
Shuiyindong deposit presents challenges due to its discontinuous
mineralization and heterogeneous alteration. Specifically, the
deposit exhibits composite mineralization controls: while orebodies
are predominantly stratabound within specific strata, they are
locally complicated by mineralization associated with faults
(Zhang et al, 2010; Li et al, 2025). This approach establishes
a dependence between grade and lithological units along with
non-stationary spatial continuity. Furthermore, the geological
history involves multiple episodes of hydrothermal alteration,
creating complex enrichment patterns across multiple scales
(Su et al., 2008; Tan et al., 2019). This intricate geological setting
poses challenges of accurately simulating the spatial distribution of
orebodies at Shuiyindong and places strict demands on conventional
modeling methodologies.

This study addresses these challenges by applying an integrated
Plurigaussian and Turning Bands co-simulation framework to
the Shuiyindong gold deposit. We extend the scope of previous
research by not only reconstructing the realistic heterogeneity and
the interdependence between grade and rock types within the
deposit, but also incorporating a systematic uncertainty analysis to
delineate high probability targets for deep exploration. Validation
against independent modeling results confirms the frameworKk’s
proficiency in capturing specific anisotropy and soft-boundary
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transitions, offering technical insights for the exploration of Carlin-
type gold deposits.

The paper has been organized as follows: Section 2 outlines the
methodology that has been used to undertake the study. Section 3
provides a description of the Shuiyindong gold deposit and the
data processing techniques. Section 4 outlines the results obtained,
with the associated discussion outlined in Section 5, and finally the
conclusions of the study have been provided in Section 6.

2 Methodology

The methodology employed in this study adopts an established
geostatistical framework to address the research problem: the
co-simulation of continuous and categorical variables within the
Shuiyindong gold deposit. As an application-focused paper, this
section details the workflow and justification for the selected
standard methods, rather than their theoretical derivation.

2.1 Workflow

The proposed co-simulation workflow (Figure 1) builds on
established mixed variable geostatistical frameworks for jointly
modeling a continuous grade variable and rock types (Emery and
Silva, 2009), and follows recent practical implementations (Valakas
and Modis, 2023).

1. Data Preparation and Transformation: The continuous grade
data were transformed using a normal score transformation to
a standard normal distribution. The categorical rock type data
were converted into indicator variables.
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FIGURE 5
(a) Fit of the horizontal grade variogram to the nesting structure. (b) Fit of the vertical grade variogram to the nesting structure.

FIGURE 6
(a—e) Cross-variogram models fitted between ore grade and rock types 1-5.
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TABLE 3 Co-regionalization model parameters.

Nested Nested Nested
structure 1 structure structure
2 3
‘ a -0.11 c -0.2 d 0.2
Parameter
‘ b 0.22 e 0.17

Spatial Structure Analysis: Experimental direct variograms
for the transformed grade and each rock type indicator,
as well as cross-variograms between grade and indicators,
were computed to quantify spatial auto-correlation and cross-
correlation.

Co-regionalization Modeling: A linear model of co-
regionalization (LMC) was fitted jointly to all direct and
cross-variograms to ensure a valid multivariate covariance
structure (Wackernagel, 2003). The fitted LMC provides the
correlation model used for co-simulation.

Geostatistical Simulation: The Plurigaussian simulation
method was selected to model the complex geometries of
the rock types. The Turning bands algorithm was used for the
conditional simulation of the grade.

Post-processing and Validation: The simulated Gaussian
values were back-transformed to their original scales,
generating multiple equiprobable realizations of the deposit.
A comparison between these simulation results and observed
geological profiles verifies the plausibility of the model.
Uncertainty Analysis: The resulting ensemble of realizations
was used to perform uncertainty analysis and delineate areas
with high mineralization potential.

2.2 Data transformation and spatial
modeling

A prerequisite for many geostatistical algorithms is that the
data follow a multivariate Gaussian distribution. The raw grade
data from the deposit exhibited significant positive skewness, which
violates this assumption. Therefore, a normal score transformation
was applied to the grade data to obtain a standard Gaussian
random field.

The rock types, being categorical variables, were modeled using
indicator codes I, (X) for each category K (Equation 1). The spatial
relationships between the rock types were observed to be non-
sequential and exhibited complex contact relationships. Categorical
variable modeling is achieved through Plurigaussian simulation,
which requires converting rock types into indicator data. The
conversion is performed as follows:

{1 if x belongs to the kth rock type
W= { 0 otherwise
{

(1)

To capture the spatial continuity of all variables and their
interdependence, a Linear Model of Co-regionalization was
constructed (Wackernagel, 2003). This matrix model ensures that
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the variance-covariance structure defined by all direct and cross-
variograms is mathematically valid and provides the necessary input
for co-simulation.

2.3 Co-simulation for grade and rock type

Given the complex geological contacts, the Plurigaussian
simulation was chosen for modeling the rock types
(Armstrongetal., 2011; Dowd et al., 2003). This method utilizes a set
of underlying Gaussian random fields and a truncation rule, derived
from the observed geological relationships and global proportions,
to define the spatial distribution of the categorical variables. For
the grade variable, the Turning bands simulation was selected
(Paravarzar et al., 2015). This method is computationally efficient
and robust for simulating large 3D stationary Gaussian fields (Maleki
and Emery, 2015).

Crucially, these algorithms were implemented within a
co-simulation framework (Emery, 2008). The Turning bands
Simulation algorithm was used to generate all Gaussian random
fields (both Y, for grade and the underlying fields (Y,,Y;,...Y,)
for Plurigaussian simulation) simultaneously, conditional to the co-
regionalization model. This approach ensures that the simulated
grade values honor the simulated lithological boundaries, and
that both variables respect the spatial auto-correlations and cross-
correlations defined in the co-regionalization model. Following co-
simulation, the Gaussian fields were back-transformed to produce
the final realizations of grade and rock types. This ensemble
of realizations provides a robust basis for quantifying resource
uncertainty and identifying exploration targets.

3 Study area and dataset

3.1 Geological characteristics of the
Shuiyindong gold deposit

The Shuiyindong gold deposit is located in southwestern
Guizhou Province, within the Youjiang Basin at the southwestern
margin of the South China Block (Figure 2a). The basin has
experienced multiple tectonic events, which are considered
fundamental to the regional metallogenic evolution (Wang and
Groves, 2018). Two major metallogenic episodes at approximately
210 Ma and 140 Ma have been proposed for Carlin-type gold
mineralization in the basin, corresponding to the late Triassic
Indochina orogeny and the early Cretaceous subduction of the
paleo-Pacific plate, respectively (Gao et al., 2022; Jin et al,, 2021).
Carlin-type gold deposits in this region are predominantly hosted
in Permian-Triassic sedimentary rocks and are commonly classified
into strata-bound and fault-bound orebodies (Hu et al., 2024). Fault-
bound orebodies typically occur in calcareous siltstones and silty
mudstones and controlled by high-angle reverse faults. In contrast,
strata-bound mineralization mainly occurs in limestones or along
unconformities, controlled by anticlines or domes.

In the Shuiyindong gold deposit, the exposed strata are Permian
to Triassic and include from older to younger, the Middle Permian
Maokou Formation (P,m), the Longtan Formation (Psl), the
Changxing Formation (P;C), the Dalong Formation (P;d), and
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FIGURE 7
(@) One modeling result of the grade. (b) One modeling result of the rock type. (c) Mean model of grade. (d) Modal model of rock types.

the Triassic Yelang Formation (T,y) (Figure 2b). Mineralization is
closely related to carbonate-bearing stratigraphic units and their
boundaries (Liu et al., 2017a). In particular, an important ore-
hosting architecture is developed near the karst unconformity
between the Maokou Formation (P,m) and the Longtan Formation
(P,1), where tectonic deformation and hydrothermal alteration
formed a structural alteration body (Zhang et al., 2010). Within the
study area, the dominant orebody is a silicified breccia—claystone
type hosted in the P;1-P,m formation, and its geometry is broadly
consistent with the unconformity surface (Li S. et al, 2025).
In addition, strata-bound orebodies occur within the Longtan
Formation, especially in bioclastic limestone interbeds, where
the orebody geometry is generally consistent with the host
lithology (Li et al., 2023).

The primary ore-controlling structures in Shuiyindong are folds
and faults. The dominant fold is the E-W trending Huijiabao
Anticline, which exerts a strong control on orebody distribution
(Kang et al., 2024). Orebodies are mainly located around the
anticline core and on the limbs within an approximately 800 m
corridor from the core toward the flank, and their attitudes are
broadly concordant with bedding (Li et al., 2025). Along strike,
orebodies can exhibit undulating trends with an overall eastward
plunge and may occur as vertically stacked and overlapping bodies
in 3D space. Ore-bearing faults trend approximately E-W, are
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distributed along and generally parallel to the anticline axis, and
locally provide additional structural preparation for mineralization
(Liu et al., 2017a; Liu et al., 2017b).

3.2 Dataset

This study collected data from 97 boreholes in the Shuiyindong
gold deposit. The data comprise downhole Au assays and logged
rock types. These data provide the conditioning constraints for
the subsequent co-simulation. We filtered the dataset to match
the target mineralized interval. Available logs interpret samples
above elevation 1,400 m as non-mineralized, so we excluded the
1,400-1,500 m interval. We retained samples within elevations of
1,080-1,400 m to capture the main stratabound mineralization. The
final filtered dataset contains 13,288 samples.

We restricted the simulation domain to the sedimentary
sequences and intentionally excluded the structural alteration
zones to account for the dual style mineralization characteristic
of the Shuiyindong deposit. As documented by Su et al. (2009),
this deposit comprises two distinct mineralization regimes: a
deep-seated structural system within alteration zones and a
stratabound disseminated system hosted in the Upper Permian
strata. These systems represent contrasting fluid dynamic and
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FIGURE 8

10.3389/feart.2026.1749476

(a) Horizontal variogram of drill hole grade. (b) Vertical variogram of drill hole grade.

geochemical precipitation environments, resulting in disparate
grade distributions. Mineralization occurring in altered zones
typically exhibits continuity of high grade and discrete geometric
boundaries, whereas the style bound to strata is characterized
by a diffuse distribution. The geostatistical workflow applied in
this study, which incorporates variogram analysis and the LMC,
rests upon the assumption of spatial stationarity. Aggregating
these two populations into a single domain would introduce
significant non-stationarity and statistical bias (Madani and
Emery, 2017; Mantoglou and Wilson, 1982). Furthermore, the
sparse sampling density within the alteration zones limits the
ability to constrain such features. The exclusion of these zones
therefore ensures the statistical stability and geological realism of
the simulations within the primary stratabound host domain.

3.3 Data preprocessing

3.3.1 Processing of rock type data

The rock type data for the Shuiyindong gold deposit were
classified into five categories for analysis: (1) non-mineralized
rocks (siltstone and limestone), (2) bioclastic rocks, (3) calcareous
sandstone, (4) breccia, and (5) claystone. These categories were
denoted as lithologies 1-5 for ease of reference (Table 1).

3.3.2 Gaussian transformation of grade data
Co-simulation methodology relies on a Gaussian random

field assumption. Given that grade distributions often vary

significantly between lithological units, grade data within each
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stationary geological domain (rock type) were transformed
separately. This transformation was executed using the nscore
function in Geostatistical Software Library (Deutsch and
Journel, 1998) to conform each domain’s data to a standard Gaussian
distribution, ensuring consistency with the assumptions for spatial

variability analysis.

3.4 Determination of rock boundaries

Accurately characterizing rock boundaries as either “hard”
(marked by abrupt grade transitions across contacts) or “soft”
(characterized by gradual grade transitions) is critical for effective
geological modeling. In the case of hard boundaries, grades can
be modeled independently within each lithology, assuming no
spatial cross-correlation between different rock types. Conversely,
for soft boundaries, it is necessary to account for spatial correlations
of grades across rock type contacts. Properly classifying these
boundaries thus directly influences the modeling approach:
hard boundaries imply independent grade distributions among
lithologies, while soft boundaries suggest significant spatial
dependencies that must be incorporated into the model (Emery
and Silva, 2009).

To characterize the behavior of grades across lithological
interfaces, two distinct analytical techniques were employed. First,
contact analysis was performed, following the methodology of Rossi
and Deutsch (2013), to examine the trend of average grade as they
approached and crossed the interfaces. Second, this analysis was
supplemented by lag scatter plots to assess the spatial correlation
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FIGURE 9

(a) Horizontal variogram of the simulated grade results. (b) Vertical variogram of the simulated grade results.

TABLE 4 Comparison of simulated and original rock type proportions.

Rock type Original data (%) Mean (%) Standard deviation (%)
Rock 1 56.47 66.75 274
Rock 2 7.86 5.07 1.02
Rock 3 4.17 3.65 0.77
Rock 4 2.08 1.02 037
Rock 5 29.42 23.52 2.05

of grades between adjacent rock types (Emery and Silva, 2009;
Glacken and Snowden, 2001). This technique uses sample pairs
selected from different lithologies on opposite sides of a contact,
plotted against each other at varying lag distances. A boundary
is inferred to be ‘soft when the scatter plot exhibits a high
correlation coefficient and its center of gravity aligns closely with
the y = x. This alignment indicates a significant spatial dependency
and a smooth grade transition across the contact (Maleki and
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Emery, 2020). Conversely, a ‘hard’ boundary is indicated by a
low correlation coefficient, where the plot is disorganized or non-
linear, suggesting the grades are spatially independent across the
interface.

The results from both analyses were consistent, identifying the
boundaries between rock type 1 and rock type 5, as well as between
rock type 3 and rock type 5, as soft (Figure 3). This finding confirms
a significant spatial dependency of grades across these interfaces,
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FIGURE 10
(a) Comparison of the ore body and co-simulation result for exploration line 7. (b) Comparison of the ore body and co-simulation result for
exploration line 8.

thereby underscoring the necessity of co-simulation to honor this
cross-boundary correlation.

3.5 Rock type modeling

First, vertical proportionality curves were used to capture
the vertical variations in rock proportions within the study area.
These curves represent the average areal proportion of each rock
type calculated within horizontal strata relative to a common
reference datum. They were graphically represented to illustrate
the changing proportions of distinct rock types with elevation
(Figure 4a).

Second, we determined the lithologic contact rules of the study
area based on the drilling data. Each subdomain (D,toD,) is
assumed to be rectangular, with contact relationships graphically
represented. Borehole lithological data revealed the following
contact relationships: (1) Rock 1: Contacts 2, 3, 4, and 5; (2) Rock
2: Contacts 1, 3, 4, and 5; (3) Rock 3: Contacts 1, 2, 4, and 5; (4)
Rock 4: Contacts 1, 2, and 3. Given this complexity, a 3D truncation
rule was adopted, represented as [5,1,1,5, 1,1, 1,5, 2,2, 5, 3,4]. The
first Gaussian random field was truncated by two thresholds, while
one threshold was used for the second and third fields (Figure 4b).
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Third, determine cutoff threshold based on relative proportions
of rock types. The proportions were calculated as follows: Rock 1:
55.8%; Rock 2: 7.5%; Rock 3: 4.6%; Rock 4: 1.9%; and Rock 5:
30.2%. Figure 4 depicts the relationship between the rock types of
indicator data and truncation thresholds. The truncation thresholds
for the study area were calculated as —0.5417, 0.7091, 0.1517,
and 0.8426 (Equation 2).

{
| =
1) EO otherwise

1Y, (X)>t,&Y;5(X)<t;

_ L1Y,(X)>1,&Y,(X) <t,&Y;5(X) > 15
EO otherwise '
Y00 St&Y,(0 > H&Y;(X) > t;

EO otherwise ’ @
I = E 1Y,(¥) >t &Y, (%) > ,&Y;(X) > t; |
{0 otherwise
I = El Y,x) <t .
{0 otherwise
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FIGURE 11

(a) Results of rock type model uncertainty quantification using cardinality indicators. (b) Results of rock type model uncertainty quantification using
Shannon entropy. Map represents the top surface of the voxet, WE, NS represent east-west and north-south profile.

FIGURE 12

(a) Results of grade uncertainty quantification using cardinality indicators. (b) Results of grade uncertainty quantification using Shannon entropy. Map
represents the top surface of the voxet, WE, NS represent east-west profile and north-south profile.

For the rock type data, cross-variograms were fitted iteratively to
describe the relationships between the lithologic indicator variables
and the Gaussian random fields (Y,,Y;,Y,,Y;). The first and
second spherical structures of Y, were assigned to Y, the third
spherical structure to Y,, and the fourth and fifth exponential
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structures to Y;. Nested variogram structures were determined,
and goodness of fit was evaluated using the weighted sum of
squares (WSS) by trial and error. A smaller WSS indicates a
better fit, and a final value of 0.00343 indicates satisfactory results
calculated from (Equation 3).

frontiersin.org


https://doi.org/10.3389/feart.2026.1749476
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Zeng et al.

FIGURE 13

10.3389/feart.2026.1749476

(a) Predicted prospecting area for mineralization of co-simulated grade model. (b) Au grade interpolation model for comparison.

y;; = 0.06gau(30, 30,8)m + 0.04gau(300,300,300)m
+0.9sph(800, 800, 245)m,

Y,, = 0.2sph(50,50, 50)m + 0.8sph(100, 100, 100)m, 3)

Y55 = 0.15exp(200,200,200)m + 0.85exp(500, 500, 500)m.

3.6 Grade modeling

The study area was approximately rectangular, measuring
about 1,200m in the east-west direction, 700 m in width,
and 300 m Drill holes were spaced
approximately 50-60 m apart, the body
east-west with a dip either to the south or north at an

in vertical height.
and ore stroke
angle of 5°-10°. The variogram was calculated based on
these parameters, and the parameter settings are listed in
Table 2. The horizontal and vertical gold grade variograms
were computed using GSLIB (Figure 5), and the fitted
variogram model consisted of five nested structures, effectively
capturing the geometry and spatial anisotropy of the orebody

(Equation 4).
gamma,, = 0.3gau(30,30,8)m + 0.26sph(800, 800,245)m
+0.1sph(100, 100, 100)m

+0.3 exp (200,200, 200)m + 0.04 exp (500, 500, 200)m
(4)
After defining the variogram structures, the spatial cross-
correlations between the Gaussian random fields were modeled
using a co-regionalization matrix. In this matrix, the diagonal
elements represented the direct variogram coefficients of each
Gaussian random field, whereas the non-diagonal elements captured
the cross-variogram coefficients. The co-regionalization matrix
was constrained to be positive and semi-definite, requiring all
eigenvalues to be non-negative to ensure mathematical validity. The
five off-diagonal parameters were determined through trial and
error fitting of the rock types and grade cross-variogram (Figure 6),
and the results are presented in Table 3, with specific relationships
defined as follows: a and b for Y, and Y,; ¢ for Y, and Y,; and d and
efor Yyand Y,.

Frontiers in Earth Science

13

4 Results
4.1 Co-simulation results

Twelve simulation results were produced. For clarity
and focus, Figure 7 presents the realization that most closely
resembles the exploration profiles, alongside the mean model for
grade and the modal model for rock types. The simulations revealed
gradual or relatively smooth transitions in gold grade between
rock types. Results from multiple stochastic simulations indicate
significant spatial variability in gold grade within the deposit. While
uncertainty is inherent in this method, each realization exhibits a

distinct distribution of grade values.

4.2 Interpretation of the results

Variograms of the simulated gold grade were compared with
those derived from borehole data. Figures 8, 9 present the variogram
of the drill holes and simulated grade data, respectively. The
variograms in the horizontal and vertical directions indicate the
preservation of the spatial properties of the original data in
the simulation. Table 4 compares the rock type proportions of
the original data with the ensemble mean proportions derived
from all simulated realizations. The statistics demonstrate that the
simulation reproduces the lithological distribution characteristics of
the original dataset.

Furthermore, the simulation results were overlaid with the
profile map of the mine area to verify the correlation between
the high-grade regions identified in the simulation and the ore
bodies depicted in the profile map, thus validating the accuracy
of the simulation outcomes. The simulation results were compared
with the exploration line profiles to analyze the causes of any
inconsistencies in high-grade areas. Two exploration lines, 7 and 8,
were selected for the overlay comparison analysis.

The simulation results within the orebody area of the profile
also reflect higher grade values, as illustrated in the overlay map
of exploration line 7 (Figure 10a). However, additional high-grade
zones were observed in the P;I° and P, strata between drill
holes ZK708 and ZK701, which is inconsistent with the ore body
profile. This discrepancy can be attributed to the larger spacing
between ZK708 and ZK701 as compared with the other drill holes,
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resulting in weaker constraints in the simulation. In drill hole
ZK709, the stratigraphic boundary between P;I' and P;I? yielded
high-grade simulation results. This was because of the limited
sample data in drill hole ZK709, which reduced the ability to
accurately represent the grade distribution. In the overlap map of
exploration line 8 (Figure 10b), the simulation results within the ore
body area of the profile also exhibited higher grade values. Some
simulation outcomes reflected high-grade zones in the stratigraphy
of drill holes ZK813, ZK817, ZK825, and P; |, which were attributed
to the limited sampling data available for this region.

In summary, the simulation results reasonably reproduced
the spatial variability of gold grade and rock type proportions
in the study area, showing a general correspondence between
high grade zones and the delineated ore body. Moreover, the
simulation estimated rock type and grade at locations with missing
drill hole data, providing insight into the grade distribution and
mineralization in unsampled areas.

4.3 Uncertainty of results

To assess the reliability of the simulation results, we employed
cardinality and Shannon entropy as practical uncertainty indicators
(Rényi, 1961). The computations were efficiently carried out using
the LoopUI 1.0 Python library (Pirot et al., 2022). Both metrics
produced highly consistent spatial distributions of uncertainty
(Figures 11, 12). The results demonstrated generally low uncertainty
for the simulated rock types, with elevated levels confined to edge
areas characterized by sparse data and geological complexity, thereby
underscoring the overall stability of the simulation. A key insight
from the entropy analysis (Figure 12b) was the emergence of specific
uncertainty hotspots. These are interpreted as a consequence of
the high variance in grade values and the dispersed nature of
the ore bodies at the Shuiyindong gold deposit, challenges that
persist despite the presence of complete drill hole data. Ultimately,
this application of uncertainty quantification serves to validate the
model’s consistency and provides critical insights for targeting areas
where future data collection or model refinement could be most
beneficial.

4.4 Implications for further mineral
exploration

This study analyzed drilling data and exploration profiles to
constrain mineralization primarily within the stratigraphic interval
from P,l' to P,l%. To assess the validity of the co-simulation
results, we built a grade-only base model that simulates gold
grade independently without lithological co-simulation, using
the same conditioning data and variogram settings. Figure 13
compares the experimental results under identical grade thresholds.
The co-simulation model highlights two deep regions with
sparse drilling data. However, the correlation between variables
indicates a high probability of mineralization in these areas. Two
high probability mineralization zones were identified through
uncertainty quantification and comparison with a stratigraphically
unconstrained gold element interpolation model (Figure 13).
Exploration engineering has confirmed the presence of multiple
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gold orebodies at depths of 800-1,400 m, with proven reserves
amounting to 28 t (Li et al., 2025). These findings are expected to
guide mineral exploration within the Shuiyindong gold deposit.

5 Discussion

Treating grade and rock type independently is widely used in
practice. This approach may reproduce individual spatial continuity,
but it often neglects cross-correlation. Consequently, unrealistic
grade patterns arise near lithological boundaries. To address
this, we compared our proposed co-simulation with independent
simulations. The co-simulation reduces boundary artifacts because
the cross-variograms constrain grade variability to follow the
same structural and stratigraphic directions that control rock type
continuity in the dataset.

High grade anomalies in sparsely drilled volumes do not
arise from spacing alone, because the model produces them only
where the co-simulated rock type realizations and the fitted cross-
correlation jointly favor grade values. In other words, the anomalies
reflect an extrapolation of coupled geological controls, and future
drilling can test them by targeting intersections of favorable host
horizons with mapped structural corridors at depth. The co-
simulation identifies deep favorable mineralized zones within the
P, ! stratigraphic horizon. This spatial constraint relies on the fitted
cross-correlation between grade and lithological categories.

Several limitations remain. First, the LMC assumes stationarity
within modeling domains, and strong heterogeneity may
require locally varying coregionalization or other non-stationary
multivariate formulations. Second, the Turning bands simulation
is efficient for large 3D grids, but it can introduce artifacts when
anisotropy is poorly constrained, so we recommend sensitivity tests
on anisotropy and nested structures.

Our current framework couples grade with rock type, but it
does not explicitly encode hydrothermal alteration, even though
alteration assemblages at Shuiyindong are closely linked to
mineralization in many studies. In future work, we intend to
incorporate alteration related indicators or continuous variables
into the multivariate framework. Furthermore, we will evaluate
Intrinsic random functions or Multiple point geostatistics
to better characterize non-stationary patterns and complex
connectivity in structurally controlled ore systems (Madani
and Emery, 2017). This direction aligns with recent integrative
exploration workflows that combine geological knowledge,
quantitative modeling, and uncertainty-aware targeting in deposit
studies (Cigzela et al., 2024; Cigzela, 2025).

6 Conclusion

This study demonstrated the effective application of a joint
simulation framework, integrating Plurigaussian and Turning bands
techniques, to co-simulate grade and rock type in the complex
Shuiyindong gold deposit. A core-regionalization model was
successfully implemented to capture the spatial cross-correlations
between these variables, an approach that proved crucial for
minimizing error propagation and enhancing simulation accuracy.
The results show a strong spatial agreement between the simulated
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models and the known ore body, while systematic uncertainty
quantification highlighted areas of high reliability as well as zones
requiring further verification. This study integrated co-simulation
results with uncertainty characterization to delineate prospective
mineralization zones, providing technical support for the deep
exploration of the Shuiyindong gold deposit. Future research could
explore incorporating soft constraints or alternative algorithms to
model alteration zones, thereby enhancing the applicability of the
joint simulation framework.
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