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Abstract 
 

The value of a mining project is based upon a quantitative model of material of value in 

the ground (a block model) and a schedule for extracting this material including relevant revenues 

and costs.  The schedule usually attempts to maximise the Net Present Value (NPV) of the project 

over the life of the mine.  Frequently, a block model is the result of a smooth interpolation (eg. 

Kriging) of data collected from holes drilled throughout the orebody.  More drillholes will lead to 

greater certainty in the contents of block models and from these "more accurate" block models, 

schedules of greater ultimate value may be realised.  We discuss how conditional simulations can 

assist with rigorously valuing the trade-off between the cost of extra drilling and the schedules of 

greater value that may be constructed from the resultant block models of greater accuracy. 
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Introduction 
 

In today’s competitive world the push to extract ever more value from mining 

projects continues to increase.  Initiatives to decrease costs and increase revenue are 

being pursued.  One of the most attractive options is the application of optimisation tools 

to schedule the mining operation with the explicit objective of maximizing the Net 

Present Value over the life of the operation.  At present such tools are applied on a short 

term basis to cut costs of daily operations through efficiencies, and on a long term or life-

of-mine basis to maximise Net Present Value.  In the latter case, NPV is increased 

through (i) delaying or eliminating waste stripping, (ii) more efficient routing of ore 

through the network of trucks, crushers, conveyors, and beneficiation plants, and (iii) 

more efficient resource use through better blending and cutoff grade decisions.   The 

promise is that the resulting plan will deliver pure value increases for little or no cost.   

 

The value of all of this number crunching depends upon the reliability of the input 

data.  The valuation of a mine project depends critically upon the accuracy of the 

geological block model1.  On the one hand, we will never know precisely what material 

is deep in the ground until we have excavated that material.  On the other hand, we must 

make plans for the future with the best information available to us at the present time.  

While realizing that information is not perfect, having a plan is better than having no 

plan;  this much is generally accepted as reasonable.   

 

However, what if a planner were given the option of obtaining more information 

with which to construct his or her plan?  In this paper, additional information will take 

the form of block models with increased accuracy, but the same principles may be 

applied to other forms of information.  Intuition suggests that if one’s block model were 

more accurate then one could construct a mine plan of greater value by exploiting this 

additional knowledge (via a different mining sequence or cutoff grade policy, for 

 
1 Clearly the project value also depends critically upon fundamental inputs such as the product sales price 
and the market volume.  We do not treat these dimensions in this paper, but they may be considered and 
quantified in an analogous way. 
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example).  But how much would one be prepared to pay for this additional knowledge?  

Clearly, the cost of the additional data should be less than the expected increment in 

value that can be obtained with this new data, otherwise the planner would construct a 

mine plan with the data already available.  This is common sense;  the real problem is 

how to quantify, and value in a rigorous way, the increment in project value that a mine 

planner can expect from this additional information.  If we can do this, then we will have 

valued the option of obtaining additional information and have put ourselves in a position 

of making a decision on quantifiable grounds.   

 

We begin with some background on the numerical construction of block models 

from drillhole data and the process of kriging.  We then formalize what is meant by 

optimizing NPV using a kriged block model as the geological input.  For optimisation 

and valuation purposes the mining schedule is modelled as a mixed integer linear 

program (MILP);  see [J68, CH03, RD04] for prior related work and surveys.  We 

introduce the option of undertaking an additional drilling program and briefly explain 

why this may or may not increase NPV.  Conditional simulations are introduced as a way 

of quantifying uncertainty and we discuss how to optimise with multiple conditional 

simulations.  We detail a formalism that clarifies the notion of additional knowledge and 

describe a method of determining the maximum value that one should pay for any 

additional drilling program.  All of the introduced concepts and numerical calculations 

are illustrated throughout via an example of a simple open pit mine. 

 

 

Deterministic Geological Block Models and Kriging 
 

 The information in a block model is gathered from a series of drillholes.  

Typically, many long, narrow holes are drilled into the ground in the vicinity of the 

orebody, and their cores are extracted and analysed for mineral concentrations.  For 

simplicity, in the sequel we will assume that the only relevant information contained in 

the block model is the total tonnage of each block, and the concentration in % of mass of 
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a single metal element.  Thus, one knows precisely2 the density of the rock in the 

drillhole core and the concentration of the element (the grade) along the core.  The 

drillhole cores provide a sparse set of data from which we must construct a full three-

dimensional model of rock tonnage and percentage by mass of the metal element in each 

block.  This construction is commonly performed using a process known as Kriging.  The 

kriged estimate of the block model is derived as a local linear interpolation of the 

measured drillhole grades.  If one assumes that the linear correlation of the grades of 

pairs of blocks depends only on the distance between the blocks and the direction in 3D 

from one block to the other,  then the Kriged estimate of blocks grades is the best linear 

estimator of the block grades (“best” in the sense of minimum variance);  see [C91] for 

further details. 

 

Long-Term Production Scheduling with Deterministic (Kriged) Block 
Models 
 

 We now describe how one creates a Net Present Value optimal life-of-mine 

schedule using a deterministic block model as input data.  To simplify the notion of the 

value of an open pit mine, we shall make several assumptions: 

 

Assumptions for Scheduling Process 
 

1. The infrastructure is fixed throughout the life of the mine.  For example, process 

plant capacities fixed and mining capacities are fixed3.  By using additional 

binary variables to encode a small finite number of possibilities, it is relatively 

straightforward to include the variation of infrastructure in an optimisation (eg.  

What size process plant is optimal, when should the plant be expanded or shut 

down, when should truck fleet sizes be altered to change mining capacity). For 

clarity we do not include these additional variables in the problem formulation. 

 
2 To within error bounds typical of lab analyses. 
3 Truck fleet sizes are varied to maintain a constant mining capacity allowing for changes in haul distance 
with depth.  The cost of these truck fleet size variations are not considered. 
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2. The selling price of the product is known perfectly into the future.  The price and 

market volume limits (if relevant) may fluctuate over time, but in a completely 

predictable manner.  This is of course not reality; more realistic considerations of 

price and volume are additional complications that should be modelled properly 

and subjected to a rigorous analysis that is beyond the scope of this paper. 

3. Grade control is assumed to be perfect.  That is, once a block has been blasted, 

one knows precisely its contents.  This means that a block with concentration 

below a cutoff grade will never be sent to product and a block with concentration 

above a cutoff grade will never be sent to the waste dump.  This is not realistic;  

errors in grade control do occur and may be significant.  These errors should be 

modelled as best they can with the available data and incorporated into the 

valuation model.  For simplicity, we do not consider this issue here. 

 

The Objective 
 

 Our objective is to maximise the Net Present Value (NPV) of the project.  

Suppose that a project has annual cash flows c1, c2,…,cT.  The NPV of the project is: 

,
)100/1(1∑ = +

=
T

t t
t

r
cNPV  

 

where r is the discount rate.   

 

Our mining project will receive a cash flow from every block that is excavated.  

We assume that at any given time each block can take on one of two values: 

 





×+−−
−

=
processed. isblock   theifTonnes,MetalPriceSalesCostProcessingCostMining
waste,isblocktheifCost,Mining

value

 

We assume that there are N blocks under consideration in our block model.  Thus there 

are N possible cash flows denoted vi for i=1,…,N.  We will apply our discount rate on an 

annual basis, so all blocks taken in the same year receive the same discount rate.  Using 

the formula above, we arrive at  
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where χi,t is a 0,1 variable which takes the value 1 if block i is excavated in period t and 0 

otherwise.  The binary numbers χi,t encode the order in which blocks are taken over the 

life of the mine.  We call this collection of binary variables a mining schedule. 

 

Mining and Processing Limits 
 

 An operation can generally only mine and process certain tonnages each year, 

depending on the capital invested in the mining and processing capacities.  Let M denote 

the maximum amount that can be mined in one year in tonnes and let P denote the 

maximum amount that can be processed in one year in tonnes.  If ri and oi denote the 

amount of rock (ore and waste) and ore (feed tonnes to a process plant) contained in 

block i,  then we can set upper limits on mining and processing rates as follows: 

 

 TtMrN

i iti ,...,1 allfor ,
1 , =≤∑ =
χ    (2) 

 

TtPoN

i iti ,...,1 allfor ,
1 , =≤∑ =
χ    (3) 

 

 

Wall Slope Considerations 
 

 The blocks should be removed in such a way that at the end of each year, the 

slopes formed by the blocks remaining in the pit are lower than safe upper limits 

prescribed by geotechnical studies.  In reality, these pit slope limits are observed every 

day, however as we only track which blocks are taken in which year, and not when a 

blocks is taken within a particular year, we only consider slopes at the end of each year.  

This tracking is accomplished by: 
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tjti ,, χχ ≤ , t=1,…,T.  (4) 

whenever slope conditions insist that block j must be removed prior to the removal of 

block i. 

 

 

Optimising NPV 
 

Our formulation of this deterministic optimisation problem is not new;  see [CH03], for 

example.  The objective and constraints on mining and processing limits are all linear, so 

that in principle we may employ a mixed integer linear program engine to solve our 

problems.  In practice, there are usually too many blocks and periods for such a 

formulation to be solved in a reasonable amount of time.  The results that we will 

describe in this paper have been constructed using aggregations of blocks as units to be 

scheduled.  It is standard practice in these sorts of problems that blocks be aggregated 

into larger units;  see [R01] for example.  These aggregations are built in such a way as to 

attempt to minimize the effect of the loss of resolution.  The algorithm used is proprietary 

information and cannot be elaborated upon in this forum.  Certainly, there is no loss in 

accuracy of slopes with the aggregations that we use.  We have used the optimiser 

CPLEX9.0 to perform the optimisations. 

 

An Example Pit 
 

We will illustrate the concepts in this paper with a single product base metal mine.  Our 

input data is in the form of a kriged block model and 25 conditionally simulated block 

models.  The real discount rate used is r=10%.  A metal price is given (assumed known 

and fixed), and fixed mining and processing rates are given (30 million tonnes/annum and 

5 million tonnes/annum respectively).  A cutoff grade has been preselected and applied to 

the block models to generate a value for each block.  It is possible, and desirable, to 

perform the current analysis with variable optimised cutoff grades and variable optimised 

mining and processing rates, incorporating capital costs, but for simplicity we have not 

included such considerations.  The block models have around 30,000 blocks;  for the 

optimisation process, the blocks were aggregated into larger units in a way that preserves 
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slopes and minimizes errors in accuracy.  Figure 1 displays a representation of block 

value for a vertical slice through our example pit.  The blocks are colour coded 

(greyshaded) so that dark blue (dark grey) represents the lowest value and red (light grey) 

represents the highest value.  Figure 1 shows block values for the kriged block model 

 

 

Realising Optimised NPV and Perfect Block Models 
 

The previous section makes things sound as though the problem of producing a long 

term schedule to maximise project NPV is all sewn up, apart from a few approximations 

with aggregating blocks.  In fact, a major assumption is that the block model actually 

reflects reality in the ground.  If the block model contains errors (and it most certainly 

will) then what have we optimised?  We’ve produced a schedule that maximises project 

NPV for an incorrect block model.  Wherever reality deviates from our block model, our 

computed NPV will differ from the NPV that will ultimately be realized from the project.  

It is clear that the closer the block model is to reality, the closer the optimised NPV will 

be to a value that can be realized.  It also seems intuitive that the realized NPV will be 

greater if one has a more accurate block model to base one’s optimisations on.  Obtaining 

a more accurate block model usually involves further drilling to create drillhole data with 

a finer resolution.  Extra drilling costs money, and how can one balance this additional 

cost against this vague idea that realized NPV increases with more accurate block 

models?  We now embark upon proving and quantifying this intuition that extra 

knowledge has a real value. 

 

Conditional Simulations and Block Model Uncertainty 
 

We will use the notion of conditional simulations to model the uncertainty in our 

block model.  A conditional simulation (see, for example, [G97]) is a randomly generated 

block model that is consistent with the drillhole data.  Consistency with the drillhole data 

primarily means two things: 
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1. Each conditional simulation’s block attributes (mass, grade, etc…) for blocks 

wholly contained in the drillhole cores are identical to those block attributes 

measured in the drillhole cores.   

2. Each conditional simulation is generated so that its block model would generate a 

variogram identical to one constructed from the drillhole data.  The construction 

process guarantees that the first order and second order statistics of each 

conditional simulation agrees with the first and second order statistics of the 

drillhole data (eg. The grade-tonnage curves of each conditional simulation are 

identical to the grade-tonnage curves of the drillhole data). 

 

Existing computer software (eg. Maximisor, GSLIB [DJ97]) and newer specialised 

algorithms (eg. [G02], [BDV03]) can produce as many conditional simulations as you 

like;  that is, different randomly generated block models, all consistent with the drillhole 

data.  Why should one do this?  Our intention is to think of each of these conditional 

simulations as an “alternate reality”.  We recognize that our drillhole data will always be 

incomplete and there will always be uncertainty about the contents of blocks that have 

not been drilled.  By creating multiple random block models we build up a probability 

distribution on the space of block models.  For example, if we generated 25 conditional 

simulations then block i would have 25 different grades assigned to it (one for each 

simulation), and 25 different net values vi,k,  k=1,…,25.  If block i lay along a drillhole 

core, then the vi,k,  k=1,…,25 would all equal the net value computed from the measured 

grade in the core sample.  However, if block i lay away from a drillhole, then the vi,k,  

k=1,…,25 could all take on different values.   

 

Figure 2 displays a representation of block values for a vertical slice through our 

example pit.  As in Figure 1 the blocks are colour coded (greyshaded) so that dark blue 

(dark grey) represents the lowest value and red (light grey) represents the highest value.  

Figure 2 shows the values constructed from one of the 25 conditional simulations that we 

produced.  Notice that the kriged block model in Figure 1 has a very smooth value or 

grade distribution, while the conditionally simulated block model in Figure 2 has a much 

more heterogeneous distribution of value (and therefore grade).   
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Project Valuation with Conditional Simulations 
 

 The underlying idea that each conditional simulation represents an alternate 

equally likely reality of what is actually in the ground rests upon two assumptions.  These 

are that the drillhole data and the derived variogram are  

 

(i) completely true (reality will always agree with the drillhole data and obey the 

derived variogram) and  

(ii) represent complete information (there is no further information available right 

now beyond the derived variogram that may help to focus our random 

sampling further).   

 

 If one accepts this idea of alternate realities, which reality should one optimise, if 

any?  Our goal is to determine a schedule s= Tt
Niti

,...,1
,...,1, }{ =

=χ  that performs well on all or most 

possible realities.  We argue that if one is interested only in maximizing NPV (without 

trying to control risk or uncertainty) then the appropriate thing to do is to find a schedule 

that achieves the greatest expected NPV.  To be precise, let NPV(k,s) denote the NPV 

obtained when the block values in the kth conditional simulation is used to evaluated using 

the schedule s.  Formally, 

∑ ∑
=

=

+
=

T

t t

N

i kiti

r
v

skNPV
1

1 ,,

)100/1(
),(

χ
.   (5) 

 

Define the expected NPV for a schedule s as: 

),(1:))((
1

skNPV
K

sNPV K

k∑ =
=Ε .   (6) 

 

 We propose that one should aim to find the schedule s* such that: 

 

))((*))(( sNPVsNPV Ε≥Ε  for all feasible schedules s.   (7) 
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The schedule s* will be known as the schedule that maximises expected NPV.  If one had 

the opportunity to run the mining project K times, each time using the same schedule but 

calculating the NPV’s on the K different realities (different conditional simulations), then 

the expected NPV is the natural quantity to maximise.  In real life, one only gets one 

chance to dig up the mine, and the expected NPV will never be realized;  what will be 

realized is NPV(k*,s*) where k* represents the real block model, which is probably 

different to any of the conditional simulations computed.  Nevertheless, we maintain that 

expected NPV is the best quantity to maximise.  To emphasise the fact that this expected 

NPV is computed using only information available at the present time, we denote 

*))(( sNPVΕ  by knowledgepresentNPV . 

 

Optimising Expected NPV 
 

 Since E(NPV(s)) is a linear combination of the linear functions NPV(k,s), 

E(NPV(s)) is also a linear function of  s= Tt
Niti

,...,1
,...,1, }{ =

=χ  and so we might try to use a mixed 

integer linear programming engine to maximise expected NPV.  Our objective is: 
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The term on the far right hand side indicates that the expected NPV may be calculated 

using the mean values of each block vi  computed as ∑= kii vKv ,)/1( .  This seems 

natural as we are taking an average.  Note that we are averaging the dollar value of 

blocks, and not the grade of blocks.  It is important that one uses the individual block 

grades gi,k (for block i in conditional simulation k) to compute the block values kiv ,  and 

then averages the kiv ,  (do not average the gi,k and then compute an “average” value). 

 

 Equation (8) takes the place of equation (1) when maximizing expected NPV.  We 

now need to find constraints to replace equations (2–4).  Equation (4) may remain the 
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same as all conditional simulations have the same slope conditions.  Equations (2) and (3) 

are problematic as the rock ri and ore oi will vary from simulation to simulation.  In the 

optimisation results reported in this paper, we replace the rock and ore tonnages ri and oi 

in equations (2) and (3) with their mean values calculated as ∑= kii rKr ,)/1( and 

∑= kii oKo ,)/1( .  This is an approximation that may result in some schedules being 

infeasible in terms of mining or processing rate for some individual conditional 

simulations.  We believe that the numerical results reported in this paper are relatively 

insensitive to this approximation. 

 

 The schedule obtained by optimizing expected NPV is shown in Figure 3.  The 

expected NPV obtained was $761.8M;  a value which is guaranteed to be within 0.2% of 

the true optimum by our mixed integer linear programming engine CPLEX.  Figure 3 is a 

plan view of our example pit with blocks coloured (greyshaded) according to their year of 

excavation;  those blocks coloured dark blue (dark grey) are excavated first, while those 

coloured red (light grey) are excavated last.  The very dark blue (black) blocks around the 

edge of the pit are never excavated.   

 

Project Valuation with Perfect Geological Knowledge 
 

 So far we have been able to compute a schedule s* that maximises the expected 

NPV of our mining project based on our current knowledge of the orebody.  We will now 

compute the best expected NPV we could achieve if we had complete knowledge of the 

orebody.  Complete knowledge of the orebody is the extreme situation where we drill so 

much that we know exactly what is in the ground in every block.   

 

Because we know the block model exactly before excavation begins, we can tailor 

our schedule to that block model.  At this stage, we only have the K conditional 

simulations as possible realities.  Complete drilling to resolve exactly what is in the 

ground is equivalent to knowing exactly which conditional simulation is reality (drawing 

from our limited selection of K alternate realities).  If it turns out that simulation k is 

reality, we can produce schedule s(k) with the property that 
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),())(,( skNPVkskNPV ≥    for all schedules s.    (9) 

 

Let’s look at these schedules s(k) for our example pit.  Figures 4 and 5 show vertical 

slices through two of the 25 conditional simulations;  their simulation numbers are 20 and 

8, respectively.  The two chosen are the simulations with the highest total block value 

(#20, Figure 4) and lowest total block value (#8, Figure 5).  As before, dark blue (dark 

grey) represents low value blocks and red (light grey) represents high value blocks.  Each 

of these two block models was individually optimised to produce schedules s(20) and 

s(8) each satisfying property (9).  These schedules are displayed in Figures 6 and 7, 

where as before, dark blue (dark grey) represents those blocks taken early in the mine life 

and red (light grey) represents those blocks taken latest in the mine life.  In this example, 

there are subtle differences between the schedules, but no dramatic difference in how one 

should excavate the two orebodies. 

 

Returning to our discussion, one must bear in mind that we cannot control which 

simulation is reality, we only know which one it is.  We therefore still need to perform an 

average.  If we know before excavation begins which simulation is reality, then on 

average we can achieve an NPV of 

 

∑ =
=

K

kknowledgeperfect kskNPVKNPV
1

))(,()/1(       (10) 

 

where each s(k) has the property (9) for k=1,…,K.   

 

knowledgeperfectNPV  denotes the expected value of the project if we are able to “wait-

and-see” which conditional simulation is reality before making our schedule (our 

schedule is based on “perfect” geological information).  For each simulation, we tailor 

our schedule to that block model, and can have different schedules for different 

simulations, because we know beforehand which block model is reality.  Contrast this to 

(7) where we had to choose a single schedule upfront.  For our example pit, we 



 15 

performed 25 separate optimisations to find the 25 individually optimal schedules s(k).  

Using equation (10), we computed that knowledgeperfectNPV =$769.36m. 

 

The Value of Infill Drilling Information 
 

We now have two NPV’s;  one representing the best expected NPV achievable 

with no extra drilling and our present state of knowledge, and the other representing the 

best expected NPV achievable assuming perfect knowledge of the orebody prior to 

producing a schedule.  These values are knowledgepresentNPV = $761.8m and 

knowledgeperfectNPV = $769.36m respectively.  Thus the value of having perfect orebody 

knowledge prior to scheduling is  

 

knowledgepresentknowledgeperfect NPVNPVVOIDI −=:    (11) 

 

where VOIDI stands for “Value of Infill Drilling Information”.  We will show 

that VOIDI represents an upper bound for the NPV increment (not including drilling 

costs) achievable through additional drilling. 

 

It is relatively straightforward to see that VOIDI is always nonnegative: 

 

knowledgepresent
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 How is VOIDI related to the cost of future drilling programs?  Any additional 

drilling will result in the conditional simulations being updated.  The spread of block 

values will generally lessen between simulations because we have more drillholes and we 

are more certain about the block values.  Every extra hole drilled has the potential to add 

value to the project because we might be able to use that extra information to change our 
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schedule and create greater project NPV.  The option to embark on additional drilling can 

be valued as: 

 

Cost Drilling)(Drilling Additional of Value −−= knowledgepresentdrillingadditional NPVNPV  

 

At present we can value knowledgepresentNPV  and Drilling Cost, but we cannot value 

drillingadditionalNPV .  What we do know is that knowledgeperfectdrillingadditional NPVNPV ≤ .  This is 

because we can never achieve perfect knowledge through additional drilling, and we will 

never actually realize knowledgeperfectNPV .   Thus: 

 

Cost. Drilling VOIDI
Cost Drilling)(Drilling Additional of Value

−=

−−≤ knowledgepresentknowledgeperfect NPVNPV
 

 

The conclusion that one can draw from this is that one would never embark on an 

additional drilling program if the drilling costs exceed VOIDI.   

 

VOIDI for our Example Pit 
 

In the case of our example pit, VOIDI=769.36-761.8=$7.56m.  As a fraction of 

total project value, VOIDI is around 1%;  a very low figure.  This indicates that it is 

probably not worthwhile performing any further drilling on our example resource4.  

While we will show in Figure 8 that there is a significant variation in block values 

between different conditional simulations, and therefore, significant uncertainty in our 

block model, the NPV-optimal schedules that are tailored to each conditional simulation 

are not very different.  Thus, knowing which block model is reality does not change your 

decision about how to excavate the pit, and therefore does not generate any additional 

value for the project.  Additional information only creates value if value-creating 

decisions are changed in light of the new information. 

 
4 Bear in mind that VOIDI has been calculated under specified conditions of mining rate, processing rate, 
and cutoff grade and is dependent on these parameters. 
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Let us review the results of our optimisations in greater detail.  Let NPV(k,s(m)) denote 

the optimal schedule for simulation m evaluated using simulation k, where m=1,…,25, 

and k=1,…,25.  The coloured (greyshaded) lines in Figure 8 plot the 25x25 = 625 NPV’s 

corresponding to NPV(k,s(m)), where the y-axis is NPV(k,s(m)), and the x-axis is k.  Thus 

each vertical column corresponds to a single simulation k.   It is clear from Figure 8 that 

the dominant value differences arise from different simulations, not different schedules.  

In fact, relative to variations between simulations, the values are insensitive to schedule 

differences. 

 

 

The highlighted red (medium grey) dots are the 25 values of NPV(k,s(k)), namely, an 

optimal schedule for simulation k evaluated with its corresponding simulation.  Thus the 

red (medium grey) dots should appear at the top of the vertical spread of points.  The 

value of knowledgeperfectNPV  is the mean value of the red (medium grey) dots. 

 

The highlighted green (light grey) dots are the 25 values of NPV(k,s*), k=1,…,25.  The 

value knowledgepresentNPV  is the mean value of the green (light grey) dots.  The value of 

VOIDI is therefore the average difference in value between corresponding green (light 

grey) and red (medium grey) dots.  As the spread for each simulation is relatively small, 

and the green (light grey) dots are mostly at the upper side of this small spread, the 

difference between red (medium grey) and green (light grey) is small (the average 

difference is $7.56m). 

 

Conclusions 
 

We have described a rigorous computational method of determining the largest 

amount that should be paid for a program of additional infill drilling on an existing 

resource.  This method required the construction of K conditional simulations, each of 

which was consistent with the existing drillhole data.  These K conditional simulations 

were used to produce K individually optimised schedules s(k).  A single maximum 
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expected NPV schedule s* was also generated via a single optimisation.  These K+1 

NPV’s were then combined to produce knowledgepresentknowledgeperfect NPVNPVVOIDI −=: .  In 

the case of our example pit, VOIDI clearly demonstrated that it was highly unlikely that 

any additional drilling would create further project value, saving the company money on 

extra drilling.  The lesson to be learned here is that high block variability in conditional 

simulations does not always imply that there is value in further drilling to decrease this 

variability. 

 

 The notion of VOIDI is an extremely useful quantification tool that formalizes 

thinking on the matters of risk and uncertainty, and knowledge and information.  Without 

such formal quantities, one’s thinking can become very fuzzy.  Of course, this analysis is 

only as good as the conditional simulations are at representing the true uncertainty in our 

current state of knowledge.  If the conditional simulations do not capture the full 

uncertainty and provide an accurate sample of the full allowable variation of block 

values, then VOIDI will appear smaller than it really is.   

 
Some Final Observations   
 

1. An infill drilling program may delay the starting of mining.  This will mean that 

knowledgeperfectNPV  may be lowered due to this delay.  We have not taken this delay 

into account in our analysis, although any effect will be to reduce the value of 

knowledgeperfectNPV , and therefore lower the value of VOIDI. 

2. One should bear in mind that VOIDI is a function of parameters such as (i) 

mining rate, (ii) processing rate, and (iii) cutoff grade, and that under different 

conditions, the potential value of a drilling program may be more or less valuable. 

a. For example, a doubling of mining and/or processing rates will increase 

NPV through a more rapid mine exploitation.  VOIDI will increase in 

proportion to the NPV increase;  that is, both expected NPV and VOIDI 

will increase by a roughly equal percentage. 

b. The effect of changing cut-off grade may have a non-trivial impact on  

VOIDI. 
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3. We have assumed that the resource is contained within the boundary of outer 

drillholes.  Clearly we cannot say anything about further value to be gained on 

extra drilling of resources which are not well contained within the existing 

drillhole boundary. 

4. The conditional simulations we used were based on prescribed geological regions 

in the block model.  Within each of these distinct geological regions a different 

variogram was used and the block grades were simulated independently of block 

grades in other regions.  The regions arose from a single geological interpretation 

of the drillhole data.  In order to capture the full variability, we require a rigorous 

method of computing multiple randomly generated volumes and boundaries for 

each geological region.  Within each of these volumes we should conditionally 

simulate grade values as before.  To our knowledge, the problem of properly 

performing conditional simulation of volumes has not been solved. 

5. Our optimisation process produces a block schedule while in practice, blocks are 

removed as benches in phases or pushbacks.  The block schedules that we have 

evaluated in this paper are valid in the sense that all slope precedence constraints 

are enforced, however it is unlikely that our block schedules would be mineable in 

practice.  A full analysis would require constructing phases or pushbacks from our 

K+1 optimised block sequences and then optimizing a panel or bench schedule 

for each of the K+1 pushback designs.  

6. In practice, one would not drill the entirety of the orebody to fully achieve the 

NPV increment promised by VOIDI.  Rather one wishes to target those blocks 

which if drilled, would lead to the greatest increment in NPV.  Ideally, one would 

like to balance the drilling cost against the NPV increment and arrive at an 

optimal drilling program that is different to “drill everywhere”.  There are some 

rules of thumb about which blocks you might choose to selectively drill (eg. those 

blocks with high grade variability and a mean grade around the cutoff grade5, or 

those blocks which are extracted in different periods when the different 

 
5 Rendu [R70] used the block kriging variance to estimate the likelihood of a block being re-allocated to 
ore or waste in light of further drilling information. His work showed that there is little point in drilling a 
regular drill pattern for areas of 'known' waste or 'known' high-grade ore.  
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conditional simulations are individually optimised).  To formulate the problem 

rigorously as an optimisation problem is difficult.  One could for example (i) 

select blocks to be drilled based on the above rules of thumb, (ii) turn to each of 

the K conditional simulations and fix the grades of those blocks, (iii) for each of 

the K conditional simulations, produce another K simulations using variograms 

constructed from the additional hypothetical drillholes, leading to K2 simulations 

in all, and (iv) calculate VOIDI in an analogous way to that described earlier.  

This procedure would value a putative additional drilling program.  To identify 

rigorously optimal locations for future drillholes is a far more difficult problem. 

In this paper we have presented a rigorous valuation method that gives an idea of 

the “size of the prize” if additional drilling were undertaken.  Our method is a 

decision making aid.  On the basis of VOIDI, the decision of whether to drill 

further may become very simple.    
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Figure captions 

 

1. Kriged block values for a vertical slice through our example pit. 

2. Conditional simulation block values for a vertical slice through our example pit.   

3. Plan view of our example pit with blocks coloured according to the schedule 

obtained by optimizing expected NPV. 

4. Conditional simulation block values for a vertical slice through our example pit. 

This simulation has the highest total block value. 

5.  Conditional simulation block values for a vertical slice through our example pit. 

This simulation has the lowest total block value. 

6. Plan view of our example pit with blocks coloured according to the schedule 

obtained by individually optimizing the conditional simulation shown in Figure 4. 

7. Plan view of our example pit with blocks coloured according to the schedule 

obtained by individually optimizing the conditional simulation shown in Figure 5. 

8. Valuations of schedules:  (i) Individually optimised, (ii) Optimising expected 

NPV. 
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Figure 3 
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Figure 4 
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Figure 6 
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Figure 7 
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Figure 8 
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