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1. Introduction

The Short-term open pit mine
planning method proposed by Toledo
et al. (2021) has been applied to design
diglines and achieve stable grades, re-
ducing the variance between the diglines
in deposit with high grade variability.
This method has been modified to in-
corporate point data expressed as block

Stochastic short-term
mine scheduling targeting
stationary grades

Abstract

One of the key objectives in short-term mine planning is to establish a sequence
of contiguous blocks organized into diglines, each characterized by consistent
low-grade variability and minimal fluctuations, ensuring a stable output. This practice
guarantees a steady and reliable supply of ore to the processing plant across various
operational phases, each phase outlined for clarity. The creation of this digline requires
the generation of multiple random models and involves choosing a model whose grade
histogram aligns closely with the predefined criteria. In stochastic mine planning,
geological uncertainty and transfer functions are employed to propagate the risk into
the mining schedule focusing on grade control. This is accomplished by opting for
blocks that present the lowest risk associated with grade uncertainty, a process
enhanced by prioritizing blocks situated in geopositions with a proven high probability
of occurrence. This study unveils detailed simulation models, clearly outlined digline
selection methodologies, and a thorough optimization process, each aspect exemplified
within the practical context of a phosphate mine. Our findings confirm the viability of
this approach in real industry practice.

Keywords: short-term, optimization, stochastic, simulation, digline, grade control.

support as a reference model, allowing
for comparison with all equiprobable
simulated models using the same refer-
ence model. The novel contributions
of this article include:(i) assessing
geological grade uncertainty through
the geostatistical simulation, (ii) using a
transfer function to generate sequential
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diglines, in all equiprobable models, and
(iii) managing the equiprobable diglines
to select blocks with lower geological
grade uncertainty, based on the maxi-
mization of the occurrence probability.

Phosphorus is an essential com-
modity for all life on Earth, and no
other element or substance can act
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as a substitute. It is considered non-
renewable (Geissler, et al., 2015). De-
posits of an industrial scale can be of
either sedimentary or igneous origin.
Approximately 85% of the phosphate
rock ore used today is mined from sedi-
mentary deposits. The main differences
between these two types of deposits
lie in their geometry, mineralogy, and
ore grade variability (Steiner, et al.,
2015). The methodology described
herein is applied to phosphate deposits
of igneous origin with high variability,
similar to that of an open pit metallic
deposit. However, in other cases, such
as sedimentary phosphate deposits, the
methodology may not be applicable.

Short-term mine planning sched-
uling in an open-pit involves sev-
eral crucial steps. One of these steps
is providing sequential diglines to be
designed on the exposed ore. When the
ore grade is highly variable, maintain-
ing a constant feed and low fluctuation
between diglines becomes challenging,
and it replicates the statistical proper-
ties of large period models to short
period models.

In the 1970s, it was observed that
local and global estimation techniques,
such as kriging (Matheron, 1963),
which provide associated uncertainty
measures through kriging variance,
do not adequately account for the un-
certainty of the content in geological
blocks. Instead, they primarily consider
the layout of the sampling grid and the
variographic model. Moreover, these
techniques tend to smooth extreme
values, resulting in an underestimation
of low values and an overestimation
of high values. Consequently, they fall
short in quantifying and modelling the
geological uncertainty associated with
blocks much smaller than the drilling
grid used to define the reserve. Recog-
nizing the significance and necessity of

2. Material and methods

2.1 Geoestatistical simulation
Geological uncertainty assessed
can be effectivelyachieved though
the use of turning bands simulation,
a mehod initially conceptualized by
Matheron (1973) and further developed
by Journel (1974). This method involves

2.2 Change of support
Selective mining units (SMUs)
represent the block dimensions used in

quantifying geological risk in the min-
ing industry, pioneering work by David
(1973), Journel (1974), and Matheron
(1976) introduced stochastic simula-
tion. They highlighted its substantial
impact on the sensitivity and viability
of mining projects.

As a result, the incorporation
of geological uncertainty into plans,
schedules, mining sequences, and
blending strategies directly influences
the profitability of any mining venture
(Godoy, 2003). This analysis parameter
further accentuates the variability and
uncertainty of attributes such as grade,
ore type, metallurgical recovery, and
concentration through the use of a
transfer function.

Over the past few decades, the
field of geosciences has witnessed the
development of various conditional
simulation methods for continuous and
categorical variables. These innovations
include contributions from Deutsch
(1992), Dowd (1994), Caers and Jour-
nel (1998), Guardiano and Shivastava
(1993), and Strebelle (2002). Addition-
ally, there has been a proliferation of
multiple realization generation methods
tailored for practical applications in
the mining industry, exemplified by
the approach of direct block simulation
(Godoy, 2003).

In stochastic planning, the use of
simulated models describing geological
uncertainty is imperative. Additionally,
it is crucial to consider various other
variables, including fleet numbers, al-
location, and distances between loading
and unloading points. Several studies
in this context have contributed to
understanding this issue. For instance,
Shishvan and Benndorf (2016) and
Rahmanpour and Osanloo (2016)
quantified the impact of uncertainty
on Key Performance Indicators (KPIs).
Meanwhile, Toledo (2018, 2023) and

performing unconditional simulations
by generating numerous independent
simulations using concentric lines that
sweep across a 2D plane or 3D space.
The process can be understood as a sim-
plification where multiple independent

mine planning (Journel and Huijbregts
1978). The size of these SMUs is inher-
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Capponi (2019) employed transfer
functions to select sequence blocks with
low variability in grade among periods.
Quigley and Dimitrakopoulos (2020)
and Both and Dimitrakopoulos (2020)
presented methods for the simultane-
ous analysis of equipment and mining
sequence. Therefore, this uncertainty
must be seamlessly integrated into
mining programming schedules and
equipment allocation, aligning with the
most likely scenarios.

This study, employed simulations
to address the challenge of finding the
quasi-optimal digline for a given short-
term mine plan. The problem can be
stated as selecting diglines to ensure a
constant mean grade, low variability,
and low risk in the beneficiation plant
grades. The solution should incorporate
all operational constraints, includ-
ing selecting only exposed (free to be
mined) ore, defining the number of
simultaneously operated mine faces,
determining the required tons for the
period, specifying the quality of ore
target expressed as grade histograms,
and establishing the acceptable range
of head grades.

It propose an algorithm that
searches for a sequence of diglines
to be used over a period to fulfill the
required characteristics of the target
ore. The algorithm takes into account
the uncertainty associated with grades,
considering both the points of origin
previously defined by the planner and
the aleatory path over the restricted
productive area.. Additionally, it is con-
sidered that the economic maximiza-
tion process was carried out in previous
stages, such as long and medium-term
planning, where the phases and extrac-
tion sequences were defined. Therefore,
the short-term planning aims to fulfil
the quantity and quality requirements
of the material in the enabled areas.

1D simulations are carried out through
lines that can be rotated in the space of
R2 or R3. This unique approach results
in the creation of three-dimensional
unconditional realizations (Rossi and
Deutsch 2013).

ently connected to the scale of the mining
equipment. Geostatistical simulation is



typically carried out with point support.
However, to effectively apply these
simulations to mine planning, a change
of support is required. In this context,
each run equates a block’s value with the
average of simulated values at the points
that discretize the corresponding block.

To determine the optimal set of
diglines in each model, the grade dis-
tribution of randomly generated diglines
is compared with the probability distri-

bution of the samples at the appropriate
support within the area of influence,
referred to as the reference model. To
facilitate this comparison, the point sup-
port data histogram is changed to block
support (SMUs). Subsequently, following
the application of the comparison algo-
rithm, the digline with a grade distribution
that closely aligns with the reference
model is selected.

The change of support for the

2.3 Computational deterministic optimization

In the proposed optimization
analysis, the mine planner initiates
by defining the starting point, or
potentially multiple starting points,
constrained to areas equipped with all
necessary services to commence mining
operations. The selection of starting
points is a crucial task in this process
and is associated with the following
factors: (i) the number of loading equip-
ment available for mining; (ii) mining
availability for its operation; (iii) the
minimum number of mining advances
required to achieve planned blending.
The algorithm initiates a randomized

Yy
Objective function = Min Z Z ( P
i

Where: o : number of iterations;
B : number of classes of histogram;

Select the production area and
generate the reference distribution
model of sampling points.

Manually select the positions of
two seeds within the enabled
area.

path while considering the operational
mining constraints, such as bench lim-
its, selection of adjacent ore blocks, de-
termining the number and location of
starting points, production objectives,
and timeframes. Subsequently, the first
feasible digline is generated. A set of
scenarios, each sharing the same start-
ing point and number of blocks, is sys-
tematically generated. These scenarios
follow distinct random paths, yielding
multiple potential diglines. The digline
displaying block grades most closely
aligned with the reference distribution
is chosen among the generated sce-

_yﬁ

i : reference histogram for ore grades of
sampling points at the corrected support;

Generate the first random set of diglines, compare
them, and select the best digline using Equation 1.

B . i

Save and update the model by Pt
removing the first digline. -

Save the second digline and
complete the process.
4 4
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reference model is performed utilizing
the gammabar and affine correction
from the Gslib library (Deutch and Journel
1992). Gammabar furnishes the vari-
ance adjustment factor, while affine
correction pertains to the histogram
at the new support level. This support
correction process is iterated for each
geostatistical domain, resulting in the
generation of a new grade distribution
as the reference model.

narios, while the remaining scenarios
are discarded. The selection of the best
scenario is accomplished through a
quantile-quantile comparison between
the grade distribution of the blocks
(reference model) and the grade distri-
bution of the blocks generated in each
scenario (iteration). Consequently, a set
of blocks in the first digline is derived
using Equation 1 (Toledo et al.,2021)
for a single equiprobable model. This
iterative process is reiterated for all
equiprobable models.

Figure 1 illustrates the workflow
of each equiprobable simulated model.

M

y : digline grades histogram from the subset
extracted from ore block model

e First and second diglines

Figure 1 - Scheme of the workflow adopted in the deterministic short-term model for obtaining two diglines.

Each equiprobable simulation run
includes o = 50 iterations, enabling
the exploration of nearly all possible
outcomes. The difference between sub-

sequent suboptimal results does not
significantly increase at this number
of iterations, a phenomenon known
as the suboptimality gap. Therefore,

2.4 Computational stochastic performance

To incorporate geological uncer-
tainty (Journel and Kyriakidis, 2004)
into the process of defining the sto-

chastic model,{z" (u), u €A}, j={1,....J},
I={1,.L}, representmg J locations dis-
cretizing the deposit A, with L simulated
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additional iterations are unnecessary,
as they only marginally improve the
results while substantially increasing
computational time.

equiprobable scenarios, each simulation
(I). The process involves selecting sub-
areas V considered as planned produc-
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tion areas, must undergo processing
through a transfer function. This
function is responsible for the cut-off z
where {2 (u.) €V}, if 2 (u.) 2z is con-
sidered ore, and a group of ore blocks

D" (D CVCA) is procured with the
aim of achieving grade stationarity.
Figure 2 illustrates the process
of selecting each digline in all L
simulated models. To clarify, each

digline depicted in Figure 2 under-
went optimization using Equation 1.
Consequently, it should be noted that
each digline has an equal probability
of occurrence.

Sim 35

Zf'“ z &
Din Din Din Din
Sim 45

7 Reference model
Short-term data

Figure 2 - The process of choosing the digline most similar
to the reference one on each realization starting from the same seed point.

Stochastic mine planning can be
approached by utilizing all realizations (/)
of the stochastic model to derive a single
quasi-optimal model. A function is applied
to each block within each equiprobabel
digline, as defined in each simulation. It
calculates how many times a block at a lo-
cation (u) is included in the diglines across

Period 1,diglines 1 in all L simulations: D, (u)) =
Period 2 diglines 2 in all L simulations: D" (u) ={D," (4),D,* (u.),D,’ (u),....D," (u)}

Period 3 diglines 3 in all L simulations: D, (u) ={D;" (u),D,? (u),D® (),....D," (u)} (2)

Period K.diglines K in all L simulations: D" (u)={D," (u),D,* (u.),D,* (u),...

Note that there are K diglines in the
L simulations, each consisting of  blocks.
This study presents [xK equlprobable dig-
lines with different mining and sequenc-
ing strategies. These multiple models are
employed for decision-making, helping to
identify the blocks with the highest prob-
ability of occurrence per the stochastic
models. Figure 3(a) illustrates the uncer-
tainty in defining the diglines, considering

(a) Q)

all (/) simulations. Consequently, a block
that appears in all (/) simulations will have
a100% incidence, making it the top prior-
ity for selection in the set of blocks to be
mined. Subsequently, a list of probabilities
is generated for each block location (u /) to
fulfill the required number of blocks for
each digline (k) to achieve a one-week pro-

the grade uncertainty represented by the
region outside the intersection (hatched
zone). The intersection region of the sets
represents the area where there is a 100%
probability of blocks being mined by
the multiple simulated diglines. Blocks
outside the hatched zone have their
probability of selection and assessment,
allowing the identification of those with
lower geological risk. Figure 3(b) outlines

{D," (u),D,? (u),D,* (u),...,D." (u)}

duction target. Finally, the selected blocks
have the highest probability of occurrence,
considering the uncertainty of the grades.

Let {D, (u)} represent the dlghnes
for k=1{1,2,3.. K} period of mining in the
I-th realization, formed by (u) blocks,
tranform to indicator values, 1 ife D" and
0 if not, expressed in Equation 2:

D (u)}

the algorithm for creating a digline that
minimizes the geological risk for four
equiprobable diglines in four simula-
tions. It demonstrates how four blocks
are chosen with the highest likelihood of
occurrence. And Figure 3(c) displays the
overlaps of three equiprobable diglines,
which are then used to generate the prob-
ability maps and identify blocks with
higher probabilities.

r“s

—
W ou; Uz uy Us U D
D} (u;) digline 1in A=)
CTT T T T muistions
[—'—l—l—]ﬁ Dlz(uj) digline 1in
il ion 2
simulation 3
o o o O T eeaaa—m
imulation 4 s o 4y Aldigines 1 def
: H - > All diglines 1 define one
[100[ 5075 [100] 75 [ 0 | (%) ocurrence porcentage s > 1 Giththe highest

robabilities blocks
--n Four bocks with a higher : P o

probability of ocurrence

@ W Overlap diglines 1
XY " inall simulation
o~ * All diglines 1 with all

select blocks generate by
three same initial points

Figure 3 - Scheme of digline selection in the stochastic model. (a) The hatched zone
represents the blocks selected simultaneously in all simulations (adapted from Writtle and Bozorgebrahimi, 2004).
(b) lllustration of four simulations with four blocks selected, considering geological uncertainty. (c) Selection of blocks
with the maximum probability among all diglines. The algorithm determines blocks with the highest probability of occurrence.
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All realizations are combined to
define the (k) diglines in the (/) simulations.
The frequency of inclusion for each block

L
- L 1 (!) () () (!)
Objective function = Max ZZ [D1 (u), D, (u), Dy (u), ..., D, (uj)]
=1

in each digline across all (/) equiprobable
simulations is counted. The w blocks with
maximum probability of occurrence are

3. Methodology applied to a case study

Sequencing short-term digline
models, with grade histograms resem-
bling a reference model and consider-
ing the risk of geological uncertainty,
requires the following information: i) a
stochastic model of the deposit for the
most relevant variable in its geological
domains; ii) a reference histogram cor-
responding to the planned mining area;
iii) the number and location of available
excavators in the enabled areas; iv) the
quantity and quality of ore required by
the processing plant; and v) transfer
functions that optimize the process.

This section presents a case study
utilizing a block sequencing optimi-
zation algorithm to search for four
diglines for a month’s production in an

3.1 Geoestatistical simulation
Geostatistical simulations were
carried out for the P,O, within the de-

operating phosphate mine. The concept
is applied to each of the equiprobable
simulated scenario, maintaining con-
sistent seed points, the same number
of blocks per week, and the same
number of iterations. Subsequently, a
stochastic optimization algorithm is
employed to optimize the diglines while
considering the geological uncertainty
of the stochastic model, utilizing all
the diglines generated in the simulated
models. Finally, a model is constructed
with values representing the probability
of a block being included in a digline.
Blocks with the highest probability of
occurrence are selected until they fulfill
the required tonnage.

P,0, was identified as the most sig-

posit. For this, two geological domains
were used. The variograms for each

Table 1 - Variograms for each domain.

Augusto Andbres Torres Toledo et al.

selected, where w is the number of blocks
needed to meet the production requirements
for each period, as expressed in Equation 3.

©)

nificant chemical variable in the deposit,
with a cut-off set at 3%.

For the study, a one month horizon
is considered, divided into four weeks,
with a production target of 50 blocks
per week. Additionally, seven seed
points representing possible excavator
locations are included. The stochastic
models of the diglines were derived by
comparing the probability distribution.
In this case, 1,302 sample points were
isolated in semi-annual production areas,
as defined by the medium-term planning.
The change of support, from points to
blocks measuring 25 m x 25 m x 10 m,
was performed using these data points.
This probability distribution serves as
the reference model.

domain are depicted in Table 1.

NE First structure - Spheric Second structure - Spheric
Variable | Domain
Co (@ Or1 Or2 Or3 | R1 R2 R3 cl Or1 Or2 Or3 | R1 R2 R3
22 0.41 [ 0.35 | N157.5 | N67.5 | N9O 55 50 35 | 0.24 | N157.5 | N67.5 | N90 | 1200 | 420 85
P OS5
’ 30 0.23 | 0.42 | N157.5 | N67.5 | N90 | 55 48 30 | 0.35 | N157.5 | N67.5 | N90 | 600 | 320 | 50

Where: Or1,0r2, and Or3 are long, in-
termediate, and short continuity directions.

Figure 4 presents he accumula-
tive histograms of the simulated values
and the original data declustered for

C1 is a contribution to the sill;
CO is the nugget effect; R1,R2, and R3 are

the geological domains 22 (a) and (b)
30, respectively. It is important to note
that the cumulative histogram of the

the ranges of long, intermediate, and short
axes expressed in meters.

original data is depicted by red lines in
the middle of the simulation cumulative
histograms represented by black lines.

SIM_P20ST_22 (xxxxx)

STH_P20ST_30 [exex]

Figure 4 - Accumulated histograms from simulated models and original P,O, data,
simulated data in black lines, and original data in red (a) domain 22 and (b) domain 30.
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To validate the variograms of the
simulated models within geological do-
mains for each variable, the variograms
of the corresponding original data
were plotted. As such, the simulated
variograms representing by black lines

were graphically compared to those
original data illustrated by green, red,
and purple lines.

Figures 5 and 6 demonstrate the
validation of the spatial continuity of
the simulated models by juxtaposing

the simulation variograms (black lines)
with those variograms of the original
data in (a) long range in the green line,
(b) medium continuity in red line and
(c) shorter continuity in purple line for
the 22 and 30 domains.

(a)

“artogean © $1H_P2057 ooex]

(b) (c)

artogran | 61422057 (soocme]
Varicgras : SIH_P205T(00%)

oistance ()

T E

Sastance ()

oastance (m)

Figure 5 - Depicts the variography of simulated models and original P,O, data
for domain 22, showing (a) longer range, (b) medium range, and (c) shorter range variations.

(a)

“artogran : s1_p3057_30(c0a]

Variogras © $IN_P2087_30 (o)

Variogra : Sim_P20SRP_30[xxxxx]

° 0

Distance (m)

) £ 65 5 0

otstance (m)

20 3 40 S0 &0 70
Distance (m)

Figure 6 - Depicts the variography of simulated models and original P,O, data
for domain 30, showcasing (a) longer range, (b) medium range, and (c) shorter range variations.

3.2 Stochastic short-term mine planning

For a one-month time horizon,
which is divided into four weeks, with a
weekly production target of 50 blocks,
seven excavators, and the selection of the
locations for these seed points is estab-
lished to begin the stochastic mining plan.

The stochastic models for each pe-
riod were generated by identifying subsets
of adjacent blocks with a grade frequency

(a)

distribution most similar to the histogram
of the 1,302 data sample points, corrected
for support, within the area of interest.
The correction was made from point
support to block support with dimen-
sions of 25m x 25m x 10m., referred to
as the reference model. Figure 4 shows
the position of the point cloud and
its histogram on the production area

programmed by the short-term plan.
In practice, it represents bimonthly to
semi-annual ore production.

The point cloud in Figure 4 is re-
stricted to a production area near the real
diglines mined in white lines. The mean
and variance of P,O, are 7.97 and 9.19
for the probability distribution function
was used as a reference model.

Deta count: 1302
Mean: 796715
Variance: 9.187¢8

Maemum: 2.805
Upper quactle: 967755
Medan: 75916
Lower quartle:  5.58689
friv. 3.00285

(8.20-10.80) 10 15

W [10.80-13.41)
(13.41-16. P205%

(16.01-18.61] Variance Corrected Value

W (21.21-23.91)

Figure 7 - (a) Cloud of sampled points. (b) Histogram of corrected points on the mining support (reference distribution).
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Table 2 illustrates the position, point is essential for the development lation; these points being the only coin-
identification codes, and grade at the  of the sequencing. The diglines will be  cident locations throughout the entire

seed points. The selection of each seed  developed independently for each simu-  stochastic planning.

Table 2 - Seed locations used in stochastic models.

X Y z ID P,O,%
Seed 1 307127 7800604 1180 158690 High
Seed 2 307145 7800681 1190 180951 High
Seed 3 306804 7800732 1200 203057 Medium
Seed 4 307026 7801602 1230 273487 Medium
Seed 5 308278 7802105 1260 341856 Low
Seed 6 308663 7802386 1240 299731 Low
Seed 7 308575 7802456 1250 321988 Low

The input parameters for sequencing the blocks of stochastic models are shown in Table 3.

Table 3 - Input parameters.

INPUT PARAMETERS Values
Cut-off >= 3%
Number of blocks per week 50
Number of iterations 50
Number of periods (week) 4
Number of seed 7
Number of the simulated model 49

Figures 8, 9, 10, and 11 (a) illus-  ond, third, and fourth periods, with a  blocks with the highest probability of
trate the probability of blocks proven  cut-off Zc > 3% and other parameters  occurrence in each period, correspond-
by all diglines defined in the 49 equi-  asoutlined in Tables 2-3 and Section 2. ing to each week.
probable mine plans for the first, sec-  Figures 8, 9, 10, and 11 (b) show the 50

(a) (b)

7002509

% Prob 7801497

North i
Up fasl it 0.00

06121.42 306922.86 307723.69 3085248
Scale 1: 140098

N—,

7799473

Figure 8 - First Period: (a) Probability map for the selection of each block among all 49 initial
diglines, involving a total of 127 blocks. (b) Map displaying the 50 blocks with the highest probability of selection.
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(a) (b)

P
153

286928
426135

7801497

North

Up East
IL.
7799473
308121.42 306922.56 307723.69 308524.83
Scalo 1: 1400.98
S— - ™. .

Figure 9 - Second Period: (a) Probability map for the selection of each block among all 49 second
diglines, comprising a total of 153 blocks. (b) Map displaying the 50 blocks with the highest probability of selection.

(a) (b)
&
- Variance: 308.597 215.966
e =
13 Upper quartile: 32,6531 .
§u] o frevs B
2 Lower quartie: 102081 ey
o0 1

North

Up fast

7799473

0612142 30692256 30772369 0852483
Scalo 1: 1400.98

N— J— .

Figure 10 - Third Period: (a) Probability map for the selection of each block among all 49 third
diglines, consisting of a total of 181 blocks. (b) Map displaying the 50 blocks with the highest probability of selection.

(a) (b)

Data count: 197 N Data count: 50
= Mean: 18.7299 n: .4
- Variance: 240.945 s Vertnce: Seeras
i Maxmum: 85.7143
g Maximum: 85.7143
Eoss Upper quartie: 244898 g .
briiedhy N H Upper quartie:  46.9388
. j Median: 2.6531
o Lower quartie:  8.16327 Lower quartie: 26,5306
Minimum: 4. d y
imimum: 08163 o Minimum: 24.4898
. Hloono
JNorth S
Up East 000
-—
7799473
08121.42 06922.56 20772369 30852483
Scale 1 : 1400.98

Figure 11 - Fourth Period: (a) Probability map for the selection of each block among all 49 fourth
diglines, comprising a total of 197 blocks. (b) Map displaying the 50 blocks with the highest probability of selection.
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The reduction of the probability
value as the periods expand because a
larger area (and more blocks) is potentially
attainable by possible diglines.

Figure 12 on the right displays histo-

(a)

0.25 4
0.2 4

0.15

Frequency

0.1 4

0.05

grams for the first (a), second (b), third (c),
and fourth (d) periods of the quasi-optimal
diglines. Meanwhile, Figure 12 on the left
exhibits boxplots of quasi-optimal diglines
on the E-type map and across all simula-

Augusto Andbres Torres Toledo et al.

tions for the first (a), second (b), third (c),
and fourth (d) periods. It is noteworthy
that smoothing effects on the mean grade
map influence both the maximum and
minimum grade values.
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Figure 12 - Probability distribution of grades for quasi-optimal
diglines plotted on the E-type map, and box plots for quasi-optimal diglines on the E-type map,
as well as across all 49 equiprobable simulations during the (a) first, (b) second, (c) third, and (d) fourth periods.
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Notice that the figure showcase
the behaviour of P,O, grades in the
diglines formed by blocks procured by
the algorithm with lower geological
risk associated with the uncertainty
of grades across the stochastic model,
revealing the sensitivity to variations
in grade behaviour. The difference
between equiprobable models and the
quasi-optimal model of the diglines
is that all the equiprobable diglines
were used to generate a quasi-optimal

digline that aims to define the geopo-
sition of blocks with less geological
risk uncertainty.

Figure 13 displays the sequence
areas for each period, marked by the
locations of the seed points. In part (a),
seeds 7 and 6 are positioned; in part (b),
seed § is the starting point; and in part
(c), seed 4 marks the beginning. Finally,
in part (d), seeds 3, 2, and 1 are located.
The excavation lines for the four peri-
ods are also shown, as indicated in the

legend. Additionally, blocks with the
lowest probability of occurrence that
were not selected are marked in blue.
Specific mining restrictions define the
limited development space. However,
it's worth noting that in part (c), only
one block with a low probability was
not selected. It's important to empha-
size that when selecting the initial
periods in this area, consideration was
given to blocks that would later be in-
cluded in subsequent periods.

Diglines

Period1  Shovel
Period 2 or
Period3  seed

Period 4
Uncertainty blocks

Figure 13 - Mining sequence based on the probability
distribution of grades, seed points, and optimization under geological uncertainty.

4. Validation

Figure 14 illustrates the cumulative
distributions of grades. In red are the
equiprobable diglines procured in each
of the 49 simulated models, in black, the
reference model, and in blue, the quasi-

optimal diglines. Also shown are the box
plots for the quasi-optimal diglines, the
49 equiprovavel diglines, and the reference
model for (a) first, (b) second, (c) third, and
(d) fourth periods. The box plots provide

REM, Int. Eng, J., Ouro Preto, 78(1), 240011, jan. mar. | 2025

a visual comparison, starting with the
quasi-optimal digline drawn on the E-type
(map of the grade means). Following that
are the 49 equiprobable diglines and the
reference model.
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Figure 14 - Cumulative distribution of grades: the blue line represents quasi-optimal
diglines plotted on the E-type map, the red line corresponds to equiprobable diglines procured
in each of the 49 simulated models, and the black line indicates the reference model. Additionally, box
plots for the same models are plotted in (a) the first, (b) the second, (c) the third, and (d) the fourth periods.

It is demonstrated that the model
generated by the quasi-optimal digline

5. Discussion

As demonstrated by the results,
this study has shown the potential to
create maps indicating the likelihood
of block occurrences across the 49
simulated models. This was achieved

algorithm aligns with the ergoside of the
equiprobable diglines obtained in each

by employing a transfer function that
establishes statistical stationarity for
each digline, ultimately selecting the 50
most probable blocks for each digline.
A key insight from this methodology

REM, Int. Eng, J., Ouro Preto, 78(1), 240011, jan. mar. | 2025

of the 49 simulations.

lies in its ability to optimize the utiliza-
tion of stochastic models for short-term
planning, particularly in exposed areas
where seed points and digline develop-
ment are constrained within the actual
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pit shell. Traditional manual techniques
would render it impractical to analyze
and optimize all stochastic models for
digline definition. The transformation
from point samples to block support

6. Conclusion

This article has introduced a
methodology to enhance short-term
mining planning by incorporating
grade uncertainty into the definition of
excavation lines and generating multiple
equiprobable mine plans. The approach
proposes a single digline by selecting
blocks with the highest probability
of occurrence, considering the grade
uncertainty associated with block val-
ues. This effectively embeds geological
uncertainty into selecting diglines for

7. Restrictions
The developed algorithms are
limited to pit-shell models, specifi-

cally targeting grade control in very

8. Disclosure statement

enabled the direct comparison of his-
tograms between the reference model
and the blocks included in the diglines.

Validation using a map of the
mean grades of the 49 equiprobable

short-term mine planning. An algo-
rithm developed in Python 3 utilizes all
equiprobable diglines to derive a single
optimal model for short-term mining
planning. This solution would be vir-
tually impossible to obtain manually
due to the sheer number of models that
would need to be analyzed to match the
probability distribution for grades of a
reference model.

This methodology enables the
definition of diglines while accounting

short-term mine planning for exposed
blocks. To extend their applicability
to non-exposed blocks, the model

No potential conflict of interest was reported by the authors.
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