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a b s t r a c t
The optimal locating of additional boreholes is complicated and
very time consuming. Some methods such as metaheuristic
algorithms, calculation parallelism, and reducing the time of objective function calculation could be used to increase the calculation
speed; among these methods, the latter is preferred due to its
extensive influence on the optimization of time. The main reasons that make the objective function calculation cumbersome are
mentioned hereafter, and according to their priority: (1) excessive
quantity of blocks in the geological block model, and
(2) inverting the matrix of average semivariogram between samples is a time consuming operation. The present study aims to
decrease the calculation time by reducing the number of blocks
without considering their size increment that affects accuracy. To
achieve this purpose, the objective function is calculated according
to the block model of uncertainty zone, which is defined by using
the recently introduced distance function to investigate uncertainty in mineralized domain boundaries. In order to evaluate the
performance of the present approach on reducing the calculation
time as well as the precision in locating additional boreholes,
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the results from particle swarm optimization as a metaheuristic
algorithm are compared by considering two different scenarios of
combined variance reduction on the basis of a three-dimensional
geological block model and an uncertainty block model. The comparative results show that using the uncertainty block model reduces the calculation time by one-third, and the proposed locations
of the boreholes are more consistent to the study’s aim, which is to
reduce the boundary’s uncertainty.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
The 3D geological block model is utilized as a tool to illustrate the information collected from
mineral deposits, and it is one of the main input parameters for various operations in mining
projects such as feasibility study, planning, scheduling, etc. Mineral deposits are usually relatively
heterogeneous mediums, and so their geological block models should be constructed based on the
grade spatial continuity and by considering geological features such as their petrology, mineralogy
and metamorphism (Duke and Hanna, 2001; Ortiz, 2006). Due to the limited number of samples
collected from deposits, the geological model is tainted by uncertainty (Yamamoto et al., 2014). The
uncertainty is known as a source of risk in the future phases of mine planning and decision making
(Dimitrakopoulos, 1998). The uncertainty of geological modeling could be sorted into three categories:
(1) uncertainty in boundary delineation, (2) uncertainty of interpolation inside the data range and
extrapolation beyond the data range, and (3) lack of knowledge about underground structures such
as the existence of faults (Mann, 1993).
The grade reduction in deposit boundaries follows a gentle trend that makes the exact delineation
of boundaries impossible (Tercan, 1998). Defining the boundary’s type requires extensive research
and collection of data relevant to grade variation, rock type and geological facies (McLennan, 2008).
Generally, it can be stated that two kinds of problems arise without the full and extensive sampling
from boundary zone: first, the amount of overestimation in deposits geological extension is much
more than expected, and second, the estimated values may lie in a range that is not logical from a
geological viewpoint (Pawlowsky et al., 1993). The first problem can be usually solved by defining
the boundary with a value less or greater than a predetermined value, while the second problem
remains, and its impact could be noticed in several maps in which the contours are not closed
lines in the marginal areas that then suddenly intersect with the boundary. To overcome these
problems, geostatistical methods such as indicator kriging (Larrondo and Deutsch, 2005), probability
kriging (Tercan, 1998) and geostatistical simulation (Dohm, 2003) could be utilized to evaluate the
uncertainty in geological boundaries and improve the geological boundary delineation techniques.
Uncertainty reduction obligates increment of data quantity, which means additional drilling.
Increasing the number of samples does not always lead to reduction in uncertainty, and it depends to
a great extent on the locations of new samples (Yamamoto et al., 2014). Therefore, many researches
have focused on optimizing the number of additional boreholes (Soltani-Mohammadi and Safa, 2015;
Szidarovszky, 1983) and locating additional boreholes (Hossein Morshedy and Memarian, 2015;
Scheck and Chou, 1983; Walton and Kauffman, 1982). Preliminary studies on the optimization of
exploratory drilling pattern have been carried out manually in a two dimensional space and usually
by means of an objective function defined on the basis of the kriging variance (Kim et al., 1977;
Walton and Kauffman, 1982). Although the result of this method is preferable to making use of experts’
experiences for locating drill holes, the simplification of the procedure by 2D assumption is considered
as its drawback because the 3D effects of the grade and thickness variations are not accounted for
in this assumption. Soltani and Hezarkhani (2009) solved the optimal locating problem in 3D space,
but this improvement caused an increase in the calculation time (Soltani and Hezarkhani, 2009).
Recently, researchers have made improvements in reducing the calculation time in 3D cases through
the utilization of different metaheuristic optimization algorithms such as simulated annealing, partial
swarm optimization and genetic algorithm (Cheng, 2016; Dali and Bouamama, 2015; Lee, 1997; Roeva
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et al., 2013; Soltani-Mohammadi et al., 2016). Setting a limit for the solution space could be an
alternative approach to reduce the calculation time. The concept of the proposed alternative is based
on the calculation of objective function for a limited number of blocks, which according to the drilling
objectives are more important than the others. In situations where the drilling objective improves the
domain accuracy, the distance function concept could help in distinguishing and separating blocks
with greater level of importance (uncertainty zone). The definition of the distance function is related
to the notion of distance to an interface separating two distinct domains within which two different
stationary random functions would be subsequently developed for geostatistical modeling (Hosseini,
2009). This paper tries to study the feasibility of this approach, and to monitor its impact on reducing
the calculation time as well as the results of the algorithm.
2. Materials and methods
2.1. Distance function
The distance function is known as a proper method for defining both the boundary locations and
the boundary’s uncertainty zone due to its simplicity and flexibility (Hosseini, 2009; McLennan, 2008).
The distance function can be described as the nearest Euclidean distance between two samples from
two different domains or domains with different conditions such as mineralized and surrounding
waste rocks domains. The value of the distance function can be positive or negative depending on
whether the sample is located outside or inside the area, respectively. The distance function value
increases with the sample location distance from the boundaries. This increment complies for both
interior and exterior samples. The first requirement for using the distance function is to control all the
data according to their sample positions, i.e. if they are located inside or outside the predetermined
domain. In other words, converting data to indicator variable as follows:
i (u↵ ) =

⇢

1
0

if domain of interest present at u↵ ,
↵ = 1, . . . , n
other w ise,

(1)

where u is a location vector, ↵ is the sample index and n is the number of data. The distance function
is calculated for each sample based on the Euclidean distance equation with respect to the nearest
sample location that possesses the opposite condition. On the other hand, for a typical sample, u↵ ,
the nearest sample from the opposite area, u↵´ , is determined in such a way that u↵ 6 = u↵´ , and their
distance vector is the distance function value in location u↵ and equals df . The numerical value of
distance function could be calculated as follows (Munroe and Deutsch, 2008a):
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where dx, dy and dz represent the distance between the sample locations in x, y and z directions,
respectively. hx, hy and hz are the variogram ranges in x, y and z directions, respectively. The distance
function sign is also set according to its positioning in different domains, and could be determined
based on the following equation:
df (u↵ ) =

⇢
+ (u↵
(u↵

u↵´ )
u↵´ )

if i (u↵ ) = 0
if i (u↵ ) = 1.

(3)

In the following steps, linear estimators (such as inverse distance weighing, kriging, etc.) could be
used for the interpolation of the value of distance function in a regular grid (Wilde and Deutsch, 2012).
Accordingly, the domain boundaries can be drawn schematically by using a zero line that is produced
by connecting a set of points in which the value of distance function is zero.
The problems with applying the distance function method are that it requires a great amount of
data as well as its disability to directly determine the uncertainty (Wilde and Deutsch, 2012). Deutsch
and Munroe proposed the use of the C parameter for investigating the width of the uncertainty zone
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Fig. 1. Distance function variation: (a) C = 0, (b) C = 5 and (c) changes of uncertainty zone between boreholes.

in relation to the boundaries (Munroe and Deutsch, 2008a, b). C is a positive correction parameter
that modifies the distance function value in all points through the following equation:
d̂f (u↵ ) =

⇢

df (u↵ ) + C
df (u↵ ) C

if i (u↵ ) = 0
if i (u↵ ) = 1

(4)

where d̂f (u↵ ) is the modified distance function. The C parameter causes an increase between the
positive and negative values. Thus, the value of distance function is estimated in an ordered grid, and
according to the modified distance function for the sampling points. Later, the grid points in which
the value of the modified distance function is less than C are considered inside the domain, while
if the function produces a value greater than C , the point is defined as being outside the domain. If
the value of the modified distance function falls within a range of C to C , the point is defined as the
boundary uncertainty zone. The zero line is always located within the uncertainty zone. In Fig. 1a, b,
the numerical changes in the distance function are shown before (C = 0) and after the addition of
C = 5 between two boreholes. The changes in the uncertainty zone for a vertical section between two
boreholes are also depicted in Fig. 1c. As the figure indicates, the thickness of the uncertainty zone is
zero at boreholes locations, and grows with the increasing distance from the boreholes. The extent of
the boundary’s uncertainty zone increases with higher values of C . Since this increase is acceptable to
a certain extent, C needs to be calibrated using a proper method.
The calibration of C is accomplished by randomly splitting the data into an interpolation set and a
validation set. The first category is applied for the interpolation and the calibration, while the second
category is utilized for the validation (Munroe and Deutsch, 2008b). When C = 0, the number of
misclassified data is considered as the basic mode. In the review of states when C > 0, the points
that are located in the uncertainty zone as their distance function value lies between C and C are
not accounted for because of having an unknown condition. The increase of C causes the expansion of
the uncertainty zone so that a larger amount of misclassified validation data falls within this area. The
calibration of C continues until the ratio of misclassified to correctly classified data reaches a desired
level (Wilde and Deutsch, 2012).
2.2. Objective function
In most of the proposed algorithms for optimal locating of additional samples, the objective
function is defined on the basis of the minimization of the mean kriging variance (Soltani-Mohammadi
et al., 2012; Szidarovszky, 1983). The kriging variance of a block v can be determined by using the
surrounding information as follows (Webster and Oliver, 2001):
2
kv

=

n
X
i=1

i

(xi

v) + µ

(v, v )

(5)
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Fig. 2. Two different configurations of grade value (black circles) around an estimated point (white circle). (
variance, lv —local variance, c v —combined variance).
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kv —kriging

where n is the number of samples used for the estimation, xi is the location of the samples, (xi v)
is the semivariogram associated with distance (xi v) , (v, v) is the average of the semivariogram
values of all the possible paired points within block v, i is the kriging weight, and µ is the
Lagrange multiplier. One feature of the kriging variance is that it depends on the location of samples,
semivariogram parameters, and block dimension, but is independent of the grade value of samples
(Journel and Huijbregts, 1978). This feature is considered as a positive and a negative property at
the same time. On one hand, the value of kriging variance can be updated according to its location
before drilling additional boreholes, and then the effects of drilling new boreholes are investigated
(Deutsch, 1996). On the other hand, the kriging variance is not sensitive to local variability (Goovaerts,
1997) whereas natural phenomena are not homogeneous, which means that local variability should
be evaluated appropriately in order to have a correct understanding about uncertainty (Yamamoto,
2000). This issue could be discussed through a simple example. In Fig. 2, two different configurations
of grade values are shown around an unsampled point. The kriging variance ( kv ) is the same for both
configurations according to the constant state of the variogram model (a spherical model with a range
of 200 m, a sill value of 100, and nugget effect of zero) and the sample locations around the estimated
point. The local variability in Fig. 2b is more than that in Fig. 2a.
One of the alternatives that have been proposed to the kriging variance is the combined variance
2
2
c v , which is a combination of the kriging variance and the local variance lv (Arik, 1999a, b; Heuvelink
and Pebesma, 2002):
2
cv

=

q

2
lv

⇥

2
kv

(6)

.

Local variance is defined as a weighted average of the squared difference between the estimated
value in the center of the block (i⇤ (xo ) ) and the sample values (i xj ) (Safa et al., 2016; Silva and
Boisvert, 2014):
2
lv

=

n
X
j=1

2
j

⇥

i xj

⇤2

i⇤ (xo )

(7)

where n is the number of samples used for kriging each block. The samples being considered for
individual block estimation could be determined based on the defined search volume (Marinoni, 2003;
Sinclair and Blackwell, 2002). The advantage of the combined variance over the kriging variance is that
in addition to the spatial configuration and grade continuity, it can provide a proper perspective on
the grade quantity around the estimated block. For example, the calculated values of the combined
variance from Fig. 2b are greater than that from Fig. 2a.
In order to consider the importance of local variability around the deposit boundaries in locating additional boreholes, the objective function is defined in the following form based on the
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minimization of the block model total combined variance:
CV =

m q
X
2

j=1

2
lv j

⇥

2
kv j

(8)

where kv and lv represent the kriging variance and local variance for block j, and m is the number
of blocks. Finally, the optimization problem of locating boreholes is defined as follows:
Min CV
Subject to :

xp+q 2 D ⇢ R2 , q = 1, . . . , k

(9)

where p and k are the numbers of initial and additional boreholes, respectively.
After the addition of new boreholes, their sample values are required to update the objective
function for each iteration of the algorithm, but acquiring such information is impossible before
exploratory drilling and sample analysis. Thus, during the computation of the objective function,
the local variance is calculated only once based on the existing initial information, while the kriging
variance could be updated according to the proposed locations of boreholes in each iteration. In other
words, the local variance is used as a weighting factor in the objective function. The utilization of this
weighting factor will result in the reduction of the kriging variance so as to be more effective in the
decrease of the objective function in blocks with greater local variance. The greater the local variance,
the larger is the local variability, which means the objective function suggests locations for additional
boreholes in areas where local variability is greater.
2.3. Particle swarm optimization (PSO)
The increase of problem extension alongside increasing the number of variables means that
using conventional methods to find the optimal solution is computably impossible due to the vast
extent of the problem and the complexity of calculations. For such a situation, using metaheuristic
algorithms that approach faster towards the optimized solution by surveying a limited number of
feasible configurations seems to be appropriate. In these algorithms, despite the exact methods of
optimization, the aim is to find points as close as possible to the global optimized pattern that properly
satisfies decision makers. Many metaheuristic methods have been proposed so far on the basis of
the existing orders originating from natural organisms; among these methods, genetic algorithm,
simulated annealing, Tabu Search and PSO are reported to be widely used (Alves da Silva and Falcão,
2007).
PSO is a stochastic evolutionary computation technique that is used for optimization problems
(Eberhart and Kennedy, 1995; Fukuyama, 2007). This algorithm is an inspiration for some unique
social behavior of natural beings such as group formation of birds and fish for movement, and has
a rational and economically feasible calculation process from the viewpoint of required memory as
well as computational speed (Eberhart and Kennedy, 1995). PSO algorithm owns a memory capable
of recording the knowledge of proper solutions in all particles. In other words, in PSO, each social
member changes its own location according to individual and social experiences. These advantages
make the selection of PSO preferable for the optimization of locating boreholes. Till now, PSO has
been utilized to find the optimized solutions for a range of similar problems like the optimal locating
of additional boreholes (Soltani-Mohammadi et al., 2016), the optimized locating of petroleum wells
(Ding et al., 2014; Onwunalu and Durlofsky, 2010), improving the production planning of open pit
mines (Ferland et al., 2007; Khan and Niemann-Delius, 2014, 2015), safety studies in mining projects
(Meng et al., 2012; Wang et al., 2015), monitoring of blasting impacts in mines (Hajihassani et al.,
2014), and slope stability (Cheng et al., 2007). Inertia weight, personal learning coefficient, global
learning coefficient as well as population size (swarm size) can be mentioned among the most
dominant parameters of the PSO algorithm. Fig. 3 illustrates a flowchart of the proposed PSO-based
algorithm.
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Fig. 3. Flowchart of the PSO-based proposed algorithm.
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3. Case study
In order to monitor the performance of the proposed algorithm, a case study of locating additional
boreholes in Angouran mineral deposits has been investigated. Angouran is one of the most important
carbonate-sulfide zinc and lead deposits that is located in northwest Iran (Fig. 4a). The deposits are
formed within a neoproterozoic metamorphic complex that mostly consists of marble and schist (Gilg
et al., 2003).
The input parameters of the proposed algorithm for locating additional boreholes to minimize the
uncertainty in boundaries are: (1) the positions of initial boreholes and their samples values, (2) the
threshold grade, (3) the parameters of the indicator variogram model, (4) the 3D block model of the
deposits, (5) the 3D block model of the uncertainty zone, (6) the key parameters of the PSO algorithm,
and (7) the number of additional boreholes. All the additional boreholes are designed to be vertical
considering the topographical conditions and the 3D extension of the ore body.
From 42 initial exploratory boreholes, a total core length of 4120 m was sampled. The distribution
map of the initial boreholes is presented in Fig. 4b. The objective of the spatial sampling was to
survey the ore body characteristics such as shape, grade variation, etc. Purposive sampling design
was used for planning the drilling pattern. The constraint modeling procedure and the indicator
kriging estimator were used for 3D modeling of the ore body and zinc grade, respectively. Considering
the cut-off grade value of 3% for zinc, 1210 m of core samples had intersected the ore body. After
the transformation of grade data to indicator variables, the experimental indicator variogram was
calculated, and a spherical model was fitted to it with range, sill and nugget effect of 125 m, 0.203,
and 0.035, respectively (Fig. 5).
The 3D geological model was produced according to 12 vertical sections with a scale of 1:500,
a topographical map with a scale of 1:1000, and data derived from the sampling of 42 initial
boreholes, which were then converted into a 3D block model, including 1662 blocks with dimensions
of 20 ⇥ 20 ⇥ 10 m.
The spatial stratified heterogeneity of data was measured by q-statistic (Wang et al., 2016) based
on the following steps:
Step 1: Since the sample was not distributed normally, the grade data was transformed by normal
score transformation (Deutsch and Journel, 1992).
Step 2: The q and F statistics and non-centrality o were calculated on the basis of the following
equations:

F =
o=

PL

1

q=1

(N

N
L)

(L

2

⇥

1)
" L
X
1
2

1

2
i

Ni

= 0.573
q

(1

µ2i

q)
1
N

= 1101
L
X
p

Ni µi

1

(10)

!#

= 1.6

where N is the number of data (824), 2 is the variance of normalized data (1), L is the number of
domains (2), Ni is the number of samples in each domain (N1 = 582, N2 = 242) and i2 is the domain
variance ( 12 = 0.497 and 22 = 0.26) and µi is the domain mean (µ1 = 0.487 and µ2 = 1.172).
Step 3: F↵ (L 1, N L, o) was calculated by running the http://keisan.casio.com/exec/system/1180
573166, with cumulative mode = upper Q , cumulative distribution = 0.01, degree of freedom v1 =
1, degree of freedom v2 = 822, and non-centrality o = 1.6. We obtained F↵ (1, 822, 1.6) = 12.97.
Step 4: Since F = 1101 > 12.97 = F↵ (1, 822, 1.6), we concluded that the spatial stratified
heterogeneity was significant (Details about the q-statistic can be found in the literature Lipsett and
Campleman, 1999; Wang et al., 2016).
The blocks located on the boundary’s uncertainty zone were determined by using the distance
function with the aim to reduce the computational time of the objective function. These blocks
influence the calculation of objective function more effectively than the other blocks with regard to
the aim of the study. In order to calculate the distance function and the calibration of C , a code was
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Fig. 4. (a) Location of the Angouran deposit in the Zagros orogenic belt. (b) Pattern of initial boreholes.

Fig. 5. Experimental indicator variogram and the fitted variogram model (a spherical model with range, sill and nugget effect
of 125 m, 0.203 and 0.035, respectively).

written in MATLAB based on a proposed algorithm by Monroe and Deutsch (Munroe and Deutsch,
2008a). The input parameters of the code were: (1) the location of the initial boreholes and the grade
values derived from their samples, (2) the threshold value, and (3) the 3D block model of the deposit.
According to the algorithm, 90% of the data or 3708 samples were used for the distance function
calculation and the remaining 412 samples were considered as validation data. As shown in Fig. 6,
since C = 12, on one side, the primary trend of decline ended for the quantity of wrong estimations,
and on the other side, despite the increase in the number of blocks located inside the uncertainty zone
towards C = 18, the number of wrong estimations remained as 41, which led to 12 being selected as
the calibrated value of C . Accordingly, as per the distance function, 504 blocks (i.e. 30.3% of the initial
block model) were located in the uncertainty zone. Fig. 7 presents a histogram of the estimated values
using the distance function considering C = 12.
In order to prove the code’s efficiency, a map of the probabilities exceeding the threshold value and
their uncertainty zone at elevation 2890 m is illustrated in Fig. 8a, b. The greatest value for uncertainty
occurs where the estimated indicator value is 0.5, which means that the probability of occurrence of
mineralized and surrounding waste rocks is equal, while the least value occurs when the estimated
indicator value is 0 or 1. On the other hand, as shown in Fig. 8b, most of the blocks identified in the

26

M. Safa, S. Soltani-Mohammadi / Spatial Statistics 23 (2018) 17–35

Fig. 6. Number of wrong estimations and blocks located inside the uncertainty zone versus different values of C .

Fig. 7. Histogram showing the estimated values of distance function for C = 12.

uncertainty zone have index values ranging from 0.35 to 0.65, which means the proposed algorithm
performs properly.
The PSO parameters were determined on the basis of the Clerc and Kennedy methods (Clerc and
Kennedy, 2002). The inertia weight was set to be 0.7298, the personal and global learning coefficients
were selected the same as 1.49445. To determine the optimal population size, a limited number of
data derived from the initial block model at elevation 2940 m was selected and used to calculate the
optimal quantity of population size through a trial and error method (Radnitzky et al., 1987) that
finally resulted in the selection of 100 as the population size. This process was conducted with high
level of precision to avoid having either a very great population size that could make the algorithm to
get stuck during the local optimization process or, on the contrary, having a very small population size
that would make it very time consuming to reach the optimal solution. Both cases are inappropriate.
The stopping criterion for the algorithm is that the process should end if the objective function value
does not decrease during 50 iterations.
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Fig. 8. Blocks at elevation 2890 m: (a) estimated indicator values, (b) uncertainty zone identified by the distance function
algorithm.

Fig. 9. Objective function and drilling cost variations versus the number of additional boreholes.

4. Results and discussion
The two main steps in designing the additional boreholes are: (1) the determination of the
required number of samples to achieve the predefined goals, and (2) locating additional samples
(Haldar, 2013). Maintaining a balance between the effects of adding an extra number of boreholes
on the changes in the objective function and the drilling cost was utilized to determine the required
quantity of additional boreholes. For this purpose, the changes resulting from drilling the number
of new boreholes from 0 to 30 were evaluated with regard to drilling cost, objective function value
and reduction of objective function value until 100 iterations (which is 10 000 number of function
evaluation) were monitored for blocks located at an elevation of 2940 m (Fig. 9). In the present study,
the average cost for drilling each borehole was defined as $40,000. As can be seen in Fig. 9, the increase
in the number of additional boreholes from 0 to 15 positively affected the declining process of the
objective function, but the further addition of boreholes did not seem feasible due the small changes
in the objective function and increase in drilling cost.
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Fig. 10. Changes of objective function and its optimization process through PSO algorithm considering (a) the geological block
model and (b) uncertainty zone of the block model.

To investigate the effects caused by the reduction in computational time of the objective function
as a result of limiting the geological block model to the boundary’s uncertainty block model, two
scenarios were tried to calculate the objective function. In the first scenario, the geological block model
was applied to calculate the objective function, and in the second case, the calculation was carried
out by solely considering the blocks located inside the uncertainty zone. The changes in the objective
function value through the optimization process on the basis of considering the geological block model
and the block model of uncertainty are shown in Fig. 10a and b, respectively. As it can be seen, there
was no significant difference in the optimization process between the two scenarios, but regarding
the calculation time, in the first scenario, in which the geological block model was considered, each
iteration that equaled 100 numbers of function evaluation took approximately 64 s and the whole
process till gaining the answer took 154 min after 145 iterations, while in the second scenario, each
iteration took about 20 s and the whole calculation time was reduced to 52 min after 158 iterations.
The locations of the proposed boreholes as per both the scenarios together with the initial
boreholes are presented in Fig. 11. Figs. 12 and 13 provide the combined variance values for elevations
2940 m and 2970 m, respectively, according to the initial drillings and the additional boreholes
proposed by the algorithm of both the scenarios. To evaluate the performance of these scenarios,
their proposed boreholes locations were compared according to the boundary’s uncertainty zone. As
indicated in Fig. 14, although both the scenarios suggest that most of their proposed boreholes are
in the same locations, the results from the second scenario are more consistent with expert opinion.
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Table 1
The influence of proposed boreholes on objective function value (total combined variance) for two different scenarios.
Geological block model

First scenario
Second scenario

Block model of uncertainty zone

Initial
boreholes

Initial and
additional
boreholes

Reduction
percentage

Initial
boreholes

Initial and
additional
boreholes

Reduction
percentage

55.04
55.04

50.14
51.02

8.9
7.3

21.52
21.52

20.01
19.62

7.0
8.8

Fig. 11. Location of initial boreholes, proposed boreholes by the algorithm according to the geological block model and the
block model of uncertainty zone are shown as squares, triangles and circles, respectively.

The effects of the proposed boreholes on the total combined variance for the deposit block model
and uncertainty zone were also investigated. As per Table 1, the algorithm’s performance in the first
scenario was slightly higher (1.6%) considering the geological block model, while the second scenario
demonstrated a better performance (1.8%) in the block model of uncertainty zone. Thus, it can be
concluded that when the objective function is calculated based on the geological block model, a
portion of the reduction of the boundary’s uncertainty is located in either the mineralized or the
surrounding waste rocks blocks. Since the aim of the present study was to reduce the uncertainty
of deposits boundaries, the application of the second scenario is better from the viewpoint of the
algorithm’s performance. The comparison of the algorithm’s running time for the two scenarios
revealed that the calculation time was reduced to one-third when applying the second scenario.
5. Conclusions
The 3D geological model produced on the basis of the collected samples was basically fraught
with uncertainties, and so the attempt was to enhance the level of our knowledge and information
about deposits, in other words, to reduce the uncertainties as much as possible by drilling additional
boreholes. It is known that the boundary between the mineralized and the surrounding waste rocks
is the most probable area in which uncertainty occurs. The amount of effects exerted by additional
boreholes depends to a great extent on their locations, so the locating process must be optimized.
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Fig. 12. Combined variance maps for elevation 2940 m, based on: (a) initial boreholes, (b) additional boreholes proposed by
the algorithm for the geological block model and (c) proposed additional boreholes for uncertainty zone.
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Fig. 13. Combined variance maps for elevation 2970 m, based on: (a) initial boreholes, (b) additional boreholes proposed by
the algorithm for the geological block model and (c) proposed additional boreholes for uncertainty zone.
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Fig. 14. Comparison of proposed locations for boreholes from the two scenarios in elevations: (a) 2930 m, (b) 2920 m and (c)
2910 m on the block model of estimated indicator values.
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The optimal locating of additional boreholes is a very complex and time consuming process. Besides
using metaheuristic algorithms, one solution is to shrink the target population of the calculation and
try to detect it more carefully, in other words, reach the answer with less amount of calculations. In
order to select the most influential blocks for the calculation process, a precise and scientific solution
should be used. In the present paper, the concept of distance function was utilized to detect the
uncertainty zone in deposit boundaries or in other words, reduce the quantity of blocks. In case of
using the distance function, a problem is that uncertainty cannot be determined directly. Thus, by
introducing the parameter C and assigning the value of 12 to it, the block model of uncertainty can
be identified quantitatively after completing the calculation for calibration. By implementing this
method, the number of blocks used to calculate the objective function decreased from 1662 to 504.
In order to address the two main challenges of additional drilling, after variography studies and
defining the objective function, the optimization calculations were carried out based on the PSO
algorithm in two steps by using the data collected from the Angouran deposits. In the first step, the
changes caused by adding a number of boreholes from 0 to 30 for blocks at an elevation of 2940 m were
investigated with regard to the drilling cost, the objective function value, and the objective function
reduction till 100 iterations, and then the optimum number of additional boreholes was calculated
to be 15. The second step of the optimization calculations was carried out according to two different
scenarios of the 3D block model of the deposits and the uncertainty block model. The results revealed
that the second scenario showed a better performance with respect to the algorithm’s performance:

• Instead of the 3D block model of the deposits, applying the block model of uncertainty reduced
the calculation time to less than one-third.

• The proposed locations for boreholes were compared to the boundary’s uncertainty zone, and
although both scenarios proposed the same locations for a number of additional boreholes, the
results of the second scenario were more consistent with expert opinion.
• The effects of the proposed boreholes on the total combined variance of the block model of
the deposits and the uncertainty zone were investigated, and it was found that when the
calculations of the objective function were carried out according to the 3D block model of
the deposits, a portion of the reduction of uncertainty zone was located in the interior or the
exterior blocks of the mineralized domain.
Spatial autocorrelation has been the only matter of concern in all the studies concerning the locating of
additional boreholes, while spatial heterogeneity (Li et al., 2008; Lin et al., 2008; Wang et al., 2009) has
been omitted. It is recommended that the future studies regarding the locating of additional boreholes
should use deposits in different geological zones to represent spatial stratified heterogeneity and in
their case studies as well.
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