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Abstract
The Gohar-Zamin mine is located in the southwest of Sirjan city in Kerman province, Iran. Geology
condition showed that two fault categories played an important role in the formation of crushed and
weathered regions in the southern part of the pit. The spatial analysis of the Lugeon variable indicated
that the hydraulic conductivity in the rock mass is very low and the groundwater flow is concentrated
only in a limited number of high-transmission main gaps. The mine needs to the designing a proper
system for dewatering. Hence, a Gaussian simulation method was used to determine the suitable location
of the dewatering wells in the vicinity of the pit. Exploratory spatial data analysis (ESDA) was used to
examine location maps, histograms, correlations, and variogram of the Lugeon and RQD data. The
relationship between Lugeon and RQD with depth demonstrated that the minimum of RQD and
maximum of Lugeon were concentrated in certain elevations. The calculated variograms of RQD and
Lugeon showed good spatial continuity. Variograms of the normalized values were performed to carry
out the Gaussian simulation of the RQD and Lugeonn variables. Probability and uncertainty maps of
RQD and Lugeon indicated that the south-eastern parts of the pit play an important role in permeability.
Keywords: Permeability, Geostatistics, Lugeon, RQD, Sequential Gaussian Simulation.

Introduction
The groundwater inrush into the mine pit is one of the problems that can make extraction and
mining activities difficult. The location and amount of water entering the mine pit are mainly
dependent on the developed permeable zones within the formation of the region; therefore, in
order to control the groundwater inrush and suggesting the best location of the pumping wells
for the drainage of the mine, it is necessary that the zones and permeable areas identified. The
permeable zones are usually identified using pumping test and evaluation of the lugeon and
rock quality designation (RQD) data. Although the pumping test is the most accurate method
to determine the permeability of rock mass, since the pumping test is costly, the most common
method is lugeon or peck test (Aliianvari et al., 2008).
The geostatistics methods are widely used to estimate the hydraulic parameters of the aquifer
hydrogeological by geotechnical parameters. It has the advantage that it can be fully
conditioned on all the available local information, even on indirect data such as hydraulic heads
(De Marsily et al., 1998). This approach has widely been used in hydrogeological studies for
estimation and simulation of hydraulic properties, e.g. transmissivity and hydraulic
conductivity. Huysmans and Dassargues (2009) applied multiple-point geostatistics and
variogram-based geostatistical methods to simulate permeability to determine the impact of
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complex geological heterogeneity on groundwater flow. Other studies include Jang and Liu
(2004), Nowak and Cirpka (2006), Patriarche et al. (2005), and Soltani-Mohammadi and
Hezarkhani (2013). Simulation is one method for modelling the geometry of the permeable
layers (Jaquet et al., 2004). In this method, after analyzing spatial data, based on statistical
parameters, the simulation of variables is performed. For geostatistical simulations, it is
imperative to examine variograms of the spatially distributed variables and their characteristics,
such as nugget and range, and then link them to the geological structures, such as bedding
planes, faults, and joints (Assari et al., 2015). Geostatistical approaches have been studied
worldwide (e.g. Assari and Mohammadi 2017; Madani Esfahani and Asghari 2012; Akhondi
and Mohammadi 2014; Neuman et al., 1980; Assari and Mohammadi 2016; Razack and lasm
2006; Marache et al., 2009; Triki et al., 2012; Boufekane et al., 2021; Narjary et al., 2021; Faria
et al., 2021; Jalili Pirani 2020; Mallik et al., 2020; Zhang et al., 2020; Shojaei et al., 2018).
The Gohar-Zamin iron ore mine is one of the largest open pit mines in Iran (the central Iran
structural zone). Groundwater seepage into the pit mine has created several problems, including
slope instability, dewatering of blast holes, and mining operations below the groundwater table.
Hydrogeology of the mine showed that during mining extraction, several boreholes intersected
a pressurized zone and turned into flowing wells (Assari, 2019). Since the final level of the pit
is 400 m below ground surface, it needs to design a proper system for dewatering. Therefore,
according to study and simulation of geotatistical, the aims of this research are: (a) exploratoryspatial analysis of data using various tools, (b) Stochastic simulation of RQD parameter to
determine porous zones, (c) Identification of permeable zones in the rock layer of the mine and
(d) determining the best location of suggested dewatering wells in the hard rock of the mine.
Study area
The study area is located in the southwest of Sirjan city, Iran (Fig. 1) and includes the Gol-eGohar mining area (six open pit mines) and industrial complex. Gohar-Zamin mine (pit number
3), has the largest reserves among the others. The diameters of pit in the E–W and N–S
directions are about 1,700 and 1,300 m, respectively. This pit consists of 12 benches with height
of 15 m (from elevation of 1,735 m to 1,555 m asl) (Assari 2019). According to Sabzehei et al.
(1997), this area that located in the Sanandaj-Sirjan Zone, consists mainly of metamorphic rock
while surface geology involves mostly of young alluvial deposits and consolidated sediments
of gravel (Fig. 1). In the walls of Gohar-Zamin pit mine, an alternation of these fine and coarse
grained sediments is observed too (Assari 2019). Units of recrystallized limestone and marble
with schist are located in the southern parts of the mine. The main structures of the study area
are the Baghat thrust fault.and Kheir-Abad strike-slip fault. The Baghat thrust fault with NW–
SE trend and slope to the north-east, is located in the south-western of Gohar-Zamin mine. The
Kheir-Abad fault with an N–S trend begins from the western of the Kheir-Abad playa and the
southern end joins the Baghat thrust fault (Shojaei Baghini et al., 2020; Assari 2019; Jahanshahi
and Zare 2017; Jahanshahi and Zare 2015, Jahanshahi et al., 2014). In addition, in the walls of
the mine several minor faults cropping out. The normal and strike-slip faults are young while
the reverse faults are old (Assari 2019). Generally, in the study area there are two major
structural trends in the faults: (1) faults with E– W strike that are typically of a normal type and
dip south; (2) faults with N–S strike that are mostly of strike-slip type and sometimes cause the
displacement of E–W faults (Mohajjel and Pur-Faraj 2016).
Hydrogeology
Several hydrogeological and geophysical studies have been conducted in the study area.
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Figure 1. Geological map of Golgohar Sirjan Mineral Area

Previous studies showed that there are two main aquifers, which can be distinguished by
criteria such as hydrochemical characteristics, hydraulic head, and lithology. In the
GoharZamin mine area the maximum and minimum thickness of alluvium are 234.6 and 47.9
m, respectively (Assari 2019). There are also separate aquifers that are bounded from the bottom
and top with impermeable layers; however, since the water table is below these layers;
Therefore, they cannot be considered as confined aquifers (Assari 2019). Based on
hydrochemical criteria, the lower hard rock aquifer has a higher EC (with a mean of 24.1
mS/cm); the upper aquifer, which is composed of alluvial deposits, has a lower EC (with a mean
of 10.8 mS/cm). The lower aquifer also has higher transmissivity values (averaging 299.4 m2/d)
compared to the upper aquifer (averaging 188.9 m2/d). The increased density of fracture zones
with depth is likely the main reason for such variations in average transmissivity. Another
important hydrogeologic parameter is the groundwater level, which is also different for the
lower and upper aquifers (Assari 2019). The average groundwater level in the upper aquifer is
1685.11 m above sea level (asl), whereas it is 1681.87 m asl in the lower aquifer. All
piezometers located within the pit showed large vertical hydraulic gradients, ranging from
0.046 to 0.730. The high values of the vertical hydraulic gradient are mainly attributed to the
effect of pumping from the wells within the pit. Because of the high transmissivity of the lower
aquifer, it is assumed that it mainly contributes to the discharge from the pumping wells (Assari
2019).
Materials and methods
Rock-quality designation (RQD) is a rough measure of the degree of jointing or fracture in a
rock mass, measured as a percentage of the drill core in lengths of 10 cm or more. High-quality
rock has an RQD of more than 75%, low quality of less than 50% (Mozafari et al., 2021). Rock
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quality designation (RQD) is the borehole core recovery percentage incorporating only pieces
of solid core that are longer than 100 mm in length measured along the centerline of the core.
In this respect pieces of core that are not hard and sound should not be counted though they are
100 mm in length. RQD was originally introduced for use with core diameters of 54.7 mm (NXsize core). RQD is defined as the quotient:
RQD= (L_s/L_t )×100%
(1)
Ls = Sum of length of core pieces that are > 100 mm (4 inches) measured along the centerline.
Lt = Total length of core run.
The Lugeon test, sometimes call also Packer test, is an in-situ testing method widely used to
estimate the average hydraulic conductivity of rock mass (Mozafari et al., 2020). It is indeed in
situ test of formation permeability performed by measuring the volume of water taken in a
section of test hole when the interval is pressurized at given pressure (10 bars -150 psi). It is
used primarily in variably permeable formations under evaluation of fracturing. The test is
conducted in a portion of a borehole isolated by pneumatic packers. The water is injected into
the isolated portion of the borehole using a slotted pipe which itself is bounded by the inflated
packers. The packers can be inflated using a gas compressor on the surface, and so they can
isolate and seal that portion of the borehole. A pressure transducer is also located in that portion
to measure the pressure with a help of reading station on the surface ((Mozafari et al., 2018).
Isatis software was used to study the geostatistics and geostatistical simulation. Isatis code is
unique among geostatistics software packages, as it provides the best interactive analysis of 2D
and 3D data with variogram maps and fitting, as well as many estimation techniques (simple
and ordinary kriging, indicator kriging, disjunctive kriging, uniform conditioning) and grade or
geology stochastic conditional simulations (Roosevelt 2013).
In geostatistical studies, variogram of the variable should be determined. The variogram,
γ(h), is half the average squared difference between the paired data values (Issaks and
Srivastava 1989):
∑ , ∣
(2)
where
denotes the variogram for an interval lag distance class h;
represents the
number of pairs for an interval lag distance class h. The experimental variogram,
, is fitted
a theoretical model, such as spherical, exponential, or Gaussian, to determine three parameters,
including the nugget effect, the sill and the range. These models are defined as follows (Isaaks
and Srivastava 1989).
Spherical model:
1.5

0.5

Exponential model:
1

,

3

(3)

(4)

Gaussian model:
1

(5)

Sequential Gaussian simulation is a very fast and straightforward way because this modelling
in each location requires solving only one kriging system in that location.
In this research, variables of rock-quality designation (RQD) and Lugeon were considered
as the basic indicators in the analysis of permeability and rock quality.
Exploratory data analysis comprised the following steps:
(1) According to Isaaks and Srivastava (1989), to diminish the effect of special sampling on the
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statistical variables, it is necessary to decluster the data. Therefore, method of cell-declustering
was used for RQD and Lugeon data. Through an iterative procedure, best size of cell was
selected for the calculations. Cells in range sizes of 1 to 5000 m were considered and weights
were separately calculated for every data point in such a way that the mean values of the Lugeon
and RQD and were minimized and maximized respectively.
(2) RQD and Lugeon data were converted to standard normal values by a Gaussian
transformation.
(3) Preliminary statistics, location maps, histogram and variogram of the RQD and Lugeon
were prepared for different lithologies, depths and locations parts of the study area using the
Isatis software (Roosevelt 2013).
The data were converted to a standard normal value with a Normal score transformation, a
change in the normal values of both the RQD and Lugeon variables was plotted and used to
perform a sequential Gaussian simulation, Finally, the uncertainty of simulation was
determined.
The sequential Gaussian simulation had been used to simulation of RQD and Lugeon.
Therefore, simulation grid, origin network, number of nodes and size of cells in the directions
X, Y and Z and its rotation angle to the north was determined. Dimensions of 25 × 25 × 10
meter in the grids were considered for both RQD and Lugeon variables and finally hundred
simulations for these variables were produced and then these simulations were combined to
obtain an expected value and the probability of exceeding a threshold value for each cell.
Results and discussion
Exploratory data analysis
The lithological well-log data of 230 boreholes was available for inside and outside of the mine
pit. From these boreholes, in 87 and 14 of them, RQD and Lugeon were measured respectively
(Fig. 2).

Figure 2. The location of various boreholes inside and outside of the Gohar-Zamin mine pit
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The well-logs showed that lithology from up to down elevation in the boreholes generally
include: dense layer of alluvium, amphibolite, bressia zone, chlorite schist, conglomerate, fault
zone, gneiss, metabasite, quartz schist, skarn, oxidized magnetite, bottom magnetite and top
magnetite.
A total of 5437 and 47 for RQD and Lugeon data were available respectively. From these
RQD data, 4946 and 491 were measured in hard rock formations and the dense layer of alluvium
respectively. Investigation and comparison of the omnidirectional variogram (γ (h)) in the dense
alluvium layer and hard rock formation showed that the range of fitted variogram model for the
hard rock formation was approximately three times more than that dense alluvium layer (Fig.
3). Therefore, due to this distinction, and simulation just for hard rock formation, data of the
dense alluvial layer was omitted from the calculation process.
The cell declustering method was used to decluster the RQD and Lugeon variables. By
applying the declustering weight, the histogram of RQD and Lugeon were generated (Fig. 4a
and c). After declustring of data, values of mean, standard deviation and median for the RQD
were increased from 39.08, 30.27 and 34.67 to 40.51, 30.73 and 36.3 respectively while those
for Lugeon were reduced from 2. 51, 3.49 and 1.55 to 1.80, 2.15 and 1.48 respectively. It
indicated that applying weight to the data, has exacerbated non-compliance of data with normal
distribution. In order to investigate the spatial continuity of these variables, omnidirectional
variograms were used (Fig. 4b and d) and showed that RQD variable has a spatial continuity of
up to 401 m while for the Lugeon, it was up to 800 m.
Correlation between variables
The correlation between variables of RQD, Lugeon and depth were examined to identify the
relationship and the degree of dependence between them. The boxplot variation of RQD and
Lugeon in the direction of depth indicated that with increasing the depth, a fluctuating trend
was observed for RQD values, and high values of Lugeon was located at elevation level close
to the ground surface.
In the study area, since the RQD data was more than the Lugeon, two criteria of the mean
and minimum of data were considered in the correlation of the RQD and Lugeon. With
regarding the scatter plot diagrams of minimum and mean values of RQD and Lugeon, it
showed that a low correlation was observed between them (Fig. 5).

Figure 3. Comparison experimental variograms (points) and fitted variogram model (lines) for the dense
alluvium and hard rock formation
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Figure 4. Histogram and omnidirectional variograms for RQD (a and b) and for Lugeon (c and d)

Figure 5. Correlation between minimum values (a) and average values (b) of RQD with Lugeon

However, this can be due to the different nature of the RQD and Lugeon variables. Because
the RQD variable is generally measuring from a piece of rock with small size and it can be
considered as a point variable while the amount of the Lugeon is representative of a value in
area around the well. Therefore, the presence of a fracture that has a hydraulic relationship with
the fractures and major cavities in the rock matrix can greatly increase the Lugeon value,
whereas the same fracture may not have a large effect on the RQD variable. The opposite may
also be the case; the RQD may show small value, but these fractures are localized and do not
extend much into the surrounding rocks. In such a case, although the RQD is low, the values of
high Lugeon are not obtained.
RQD in different lithology and elevations
To investigate the spatial continuity of the RQD variable in different lithology and altitudes
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level, the experimental variogram were calculated and modelled for each of the lithology and
altitudinal levels (Fig. 6 and 7). The variograms of lithology showed that Amphibolite, Bottom
magnetite, Bressia zone, and Quartz schist lithology had high spatial continuity. The Gneiss
lithology had a very small spatial continuity up to 30 m. It seems that a very weak hole effect
existence in an approximate distance 18-40 m, which indicates changes in this variable at low
intervals and it may be due to the effect of faults and weathered layer. Lithology of
Conglomerate, Skarn and Oxidized magnetite had a moderate spatial continuity while Chlorite
schist had a low spatial continuity (Fig. 6).
The RQD variogram for various elevations showed that levels of 1250 to 1450 m had lowest
spatial continuity due to lower data range. Additionally, at level of 1250- 115 m, the nugget
effect was high that resulted from more intense changes on a small scale; therefore, in deeper
sections, the amount of heterogeneity increases and the changes become more intense.
The experimental variogram were also computed for various lithology and elevations.
Results showed that various lithologies have different spatial continuities and that this makes
the pattern of spatial continuity more specific.
To simulation and estimation, it needs to the variogrm (or covariance function) for different
directions in the three-dimensional space. For the RQD variable, the three directions of azimuth
0-dip 0, azimuth 90-dip 0 and dip 90 had best spatial continuity; Therefore, the three directions
were combined and a single model was fitted to them (Fig. 8a), and this model was used for
sequential Gaussian simulation. Four models of nugget effect, cubic, spherical and power were
applied to fitting on the experimental variograms (Table 1). Regarding the three-directional
variogram of the normal values of the RQD variable, the east-west direction had the highest
spatial continuity relative to the two north-south directions and the vertical direction. In addition
to spatial continuity in the north-south direction was more than the vertical direction.

Figure 6. The RQD experimental variograms and fitted variogram model for (a) Gneiss lithology and
(b) lithology of Amphibolites, Bottom Magnetite, Quartz Schist, Conglomerate, Skarn, Oxidized
Magnetite, Bressia zones and Chloritic Schist

Figure 7. The RQD experimental variograms and fitted variogram model for various height levels, (a)
1150-1250 m, (b) 1550-1650 m
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Table 1. Specifications of the fitted unique model on the experimental variogram in the three
perpendicular directions (dip 90; azimuth 90; Dip 0; azimuth 0; dip 0) for normalized RQD values
Variable

RQD

Variogram

Model

Range (meter)

Model
weight

Sum of Squared
Residuals (SSR)

Unique
variogram

Nugget effect
Cubic
Spherical
Exponential

(2.5, 100.7, 49703.7)
(354.4, 270.8, 35.9)
(151.4, 59073.0, 3273.3)

0.3
0.18
0.4
0.12

0.0006

Figure 8. The Lugeon experimental variogram and fitted variogram unique model for normalized RQD
data in directions of azimuth 0 and Dip 0, azimuth 90 and Dip 0, and Dip 90 (a) and normalized data (b)

The variogram of the normalized Lugeon values in different directions showed that there was
no trend in the spatial continuity. Hence sequential Gaussian simulation was performed using
an omnidirectional variogram of the normalized values. Two models of nugget effect and
spherical were fitted on the experimental variogram (Fig. 8b). The spatial continuity calculated
341 m and the nugget effect was 0.94 that indicated a high variation of Lugeon exist in short
distances.
Sequential Gaussian Simulation
In order to investigate the uncertainty of simulations and determine of the suitable areas for
drilling wells, the average of probabilities was calculated between final level of pit bottom
(1297 m) and the boundary between alluvium and hard rock (1650 m). The uncertainty map of
the RQD variable (Fig. 9a) indicates the mean of probability of RQD with values less than the
threshold of 30. According to this Figure, southeast, southwest and west of pit were the best
places to suggestion for drilling wells in mine dewatering plan.
The Lugeon variable uncertainty map has been shown in Fig. 9b. Lugeon value 2 was chosen
to examine the risk maps and uncertainties. According to the uncertainty map the probability
of Lugeon more than 2 located in the southeast, south, and northwest of the pit. If this map is
compared with the map of the probability of RQD less than 30 (Fig. 9a), it can be observed that
in some areas there is good agreement between low values of RQD and high values of Lugeon.
For example, in the south-eastern part of the pit, probability values reach the maximum for both
RQD and Lugeon. The correlation curve between the mean probability of the two variables in
the south-eastern of the pit presented in Fig. 9d. By comparing this Figure with Fig. 5, it can be
clearly identified that the correlation coefficient between two variabled changed from a low (r
= -0.11 and -0.09) values in the whole region to a positive and high correlation coefficient (r =
0.88) in the south-eastern part. Therefore, this high correlation confirmed the present of a
permeable or crushed zones in this area.
In some places, including northwest and western parts of the mine, the trend of changes in
the probability values of RQD and Lugeon was not consistent with each other.
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(c)

Figure 9. Map of the mean probability of RQD less than 30 (a) and Lugeon greater than 2 (b) correlation
between the mean probability of the RQD and Lugeon in the southeastern of the pit (c) and matching of
the faults on the map of the mean probability of RQD less than 30 for final level of the pit to boundary
between the dense alluvium layer (d).

Therefore, it is necessary to consider both maps in order to decide about determination of the
location of pumping wells. However, since the data used in RQD simulation was much more
than the number of Lugeon data, it is recommended that the map of the probability values of
RQD be placed in the first priority.
In order to investigate the relationship between faults and crushed zones, the position of the
strike-slip faults was plotted on uncertainty map of RQD values (Fig. 9c). Two main strike-slip
faults with an almost northwest-southeast and eastern-western trend are extending from the
southern part of the pit and located almost along with the position of the permeable zones.
Nonetheless a few deviations are observed, and these deviations may be due to the lack of
precise knowledge of the faults process. The map also showed only the average of available
probabilities and does not fit perfectly with what is present in reality.
Conclusion
Geology condition showed that two fault categories played an important role in the formation
of crushed and weathered regions in the southern part of the pit. The spatial analysis of the
Lugeon variable indicated that the hydraulic conductivity in the rock mass is very low and the
groundwater flow is concentrated only in a limited number of high-transmission main gaps.
Investigating the probability of RQD values and uncertainty maps of the mine area pit indicated
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that the south-eastern, south-western, and western of the pit were most likely to be low in terms
of the RQD and hence high permeability. While, for Lugeon, high values of the hydraulic
conductivity were located in the south-eastern, southern and north-western of the pit. The
geostatistical simulation was indicated south-eastern of the pit had the most important role in
permeability and as a result of the groundwater movement toward pit; therefore, this area is
considered as the priority of the location for pumping wells for pit drainage.
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