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ABSTRACT 
 

Using the Turning Bands Method a lognormal variable has been simulated on a 5 x 5 x 5m 
grid in order to represent the closely spaced data available at the final mining stage.  From 
this data the equivalent of exploration borehole values on a 20 x 20 x 20m have been selected 
to represent the data at the early stage of a new mining project.  Direct and indirect 
distributions of selective mining units (SMU’s) techniques have been applied to the 20 x 20 x 
20m grid data for recoverable resource estimates which are usually required for feasibility 
mine planning. The results for each approach (direct or indirect distributions of SMU’s) are 
then compared with the corresponding “actual” values based on the available 5 x 5 x 5m grid 
in order to determine the efficiency of each approach. 

 
The study shows that the direct and somewhat more straight forward approach if applied 
efficiently can provide an equally useful tool for computing recoverable resources for 
feasibility mine planning as compared to the indirect approach as presently in use. 

 
INTRODUCTION 

 
During feasibility studies for new mining projects exploration drilling data are invariably on a 
relatively large grid.  This scale of observations (ie. the drilling grid) is normally much larger 
than the block size of a selective mining interest, ie. the selective mining units (SMU).  Direct 
estimates for SMU’s will then be smoothed due to the information effect and the significantly 
higher estimation variance.  The difficulty is that ultimately, during mining, selection will be 
done on the basis of selective mining units on the final close data grid then available.  
However, this ultimate position is unknown at the project feasibility stage and has to be 
estimated. 

 
For example, a 25m x 25m average drilling grid in a gold orebody amenable to surface 
mining means average grades can be estimated for a block size of about 25 x 25 x 5m (bench 
height) to provide in-situ global estimates.  However, if the ultimate selective mining unit is 



 5 x 5 x 5m blocks, then cut-offs should not be applied to the 25 x 25 x 5m in-situ estimates 
without taking into account the effect of change of support to that of the selective mining 
units.  Similarly, cut-offs should not be applied directly to the smoothed kriged estimates of 5 
x 5 x 5m SMU blocks.  This is because any cash flow calculations made on the basis of any 
of these estimates will have obvious misrepresentations of the economic value of the project, 
ie. the average grade above cut-off will be underestimated and the tonnage overestimated.  
Plants designed on these estimates of variability could end up undergoing costly alterations. 
 
At the future production stage, more data (eg. blastholes) will be available for estimating 
large planning blocks as well as the selective mining units accurately.  At the feasibility stage 
the problem is to estimate the tonnage and grade that will be recovered on the basis of 
information that will become available at the later production stage. 

 
The paper investigates the relative efficiencies of different parametric techniques for 
computing recoverable resource estimates, which are usually required for feasibility mine 
planning.  Direct and indirect distributions of selective mining units are used.  The general 
indirect approach to the problem above is to derive the unknown SMU distribution from the 
observed distribution of relative large blocks.  The alternatives for the usual indirect approach 
as used in the paper are the uniform conditioning (UC) and the assumed lognormal 
distribution of SMU’s within large planning blocks.  The direct approach however, bases the 
recoverable functions on direct estimates of individual selective mining units regardless of 
the extent of the inevitable smoothing effect.  In all cases, the block estimates (large or SMU) 
must be conditionally unbiased and are adjusted to reflect the average grade improvements 
and tonnage reductions expected on the basis of the information that will become available at 
the later production stage.  These are pre-requisites for efficient estimates of any local 
recoverable resources.  This is in contrast to cases where some practitioners use estimates for 
feasibility mine planning assuming perfect information at the production stage, ie. the 
information effect for the SMU’s at the final production stage is often overlooked. Though 
the adjusted figures are computed on individual blocks, in aggregate they represent the 
average adjustments applicable to all blocks falling within the same combined categories of 
kriged grade and kriged variance; as such they can be used in the mine production plan. 

 
DATABASE FOR THE ANALYSIS 

 
Using the Turning Bands Method in ISATIS1 a total of 13 824 standard normal values were 
simulated to honour a pre-defined semi-variogram.  The samples were on a regular 5 x 5 x 
5m grid.  The standard normal values (U) were then transformed into a lognormal variable Z, 
where: 

 
Z =ρ(u)=Exp (m + σ.u) 

 
Where m and σ are the mean and standard deviation of the normal variable log Z. 

 
From the 13 824 lognormal values (referred to as “actual” in the paper) 216 samples were 
drawn on a 20 x 20 x 20m grid.  These were accepted as the equivalent of exploration 



borehole values (eg. reverse circulation or diamond drilling holes).  The 216 sample data set 
mimics eg. borehole data for a new open pit gold exploration. 
 
The statistics of the “actual” lognormal values and the 216 samples (referred to as the 
borehole set in the paper) are shown in Table 1.  The parameters of the semi-variogram for 
the lognormal values are also shown in Table 2. 
 
The borehole set was used to estimate in-situ recoverable resources based on direct and 
indirect distributions of selective mining units.  (Details of the techniques are provided later). 
A planning block size of 20 x 20 x 20m reflecting the grid size has been used.  Within the 20 
x 20 x 20m planning block, the distributions of selective mining units (SMU) of 10 x 10 x 
10m have been estimated for various cut-off grades using the indirect approach.  The direct 
approach however, bases the recoverable functions on direct estimates of individual 10 x 10 x 
10m SMU’s regardless of the extent of the inevitable smoothing effect.  In both cases the 
estimates are then adjusted to reflect the average grade improvements and tonnage reductions 
expected on the basis of the information that will become available at the later production 
stage.  (In this case final blastholes are on 5 x 5 x 5m grid). 

 
The estimates were analysed statistically and correlated with the “actual” values to provide 
comparisons between the respective techniques. The correlations reflect the position for the 
average grade, tonnes and contents corresponding to the six cut-off grades. 

 
Table 1: Statistics of all simulated values and 20 x 20 x 20m grid data used for the 

study 
 

All simulated values 20x 20x20m grid samples used 

Mean 
 

Variance Number of 
samples 

Mean 
 

Variance Number of 
samples 

1.00 1.69 13824 1.00 1.71 216 

 
 

Table 2: Semi-variogram parameters for the lognormal values for the study 
 

Structure Sill Range Anisotropy 

   X Y Z 

Nugget 0.68  1.0 1.0 1.0 

Spherical 1.02 35 1.0 1.4 1.8 

 
Rotations: Clockwise from North = 40º, Dip = 25º, Plunge = 15º 

 



DESCRIPTION OF THE TECHNIQUES USED 
 

Uniform conditioning 
 
Uniform conditioning 2,3 is a parametric method of estimation and its application involves the 
following practical steps. 
 
1. Determine the transform φ  which transforms the experimental histogram (z) into a 

standard gaussian distribution (y) using hermite polynomials. 
 

z x y x( ) [ ( )]= φ  
 

2. Do a structural analysis of the transformed data values y(x).  This will yield a model 
ρ( )h  for the covariance function. 

3. Verify that the transformed variable Y(x) is bivariate gaussian.  This can be done by 
calculating the histograms of pairs of values (y(x), y(x+h)) separated by a constant vector 
h and for several values of h.  Alternatively, verify that 
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are independent gaussian variables. 
4. Compare the experimental covariance of the z(x) and its theoretical model. 
5. The hypothesis of UC does not concern point-SMU bivariate law but the SMU-panel 

bivariate distribution.  Compute the two anamorphosis functions on the SMU blocks and 
on panels.  These two anamorphosis are defined with two support correction coefficients, 
‘r’ and ‘R’. 

6. Theoretically the true panel grade Yv is required in the gaussian space.  In practice, krige 
the Zv panel grade and transform it in the gaussian space as an estimate of Yv using the 
panel anamorphosis. 

7. Using the estimated Yv and the SMU block anamorphosis, calculate for each cut-off the 
grade-tonnage curves for individual blocks. 

 
Indirect approach based on distribution of SMU’s within large planning blocks. 

 

Let us define: 
L = Large planning block 
S = Selective mining unit (SMU) of interest 
P = Entire population or global area being estimated 



B(s/L) = Variance of actual SMU grades within large planning blocks 
BVs = Variance of actual SMU grades within P 
BVL = Variance of large planning block grades within P 
σ2

se1,σ2
se2  = Error variances of conditionally unbiased estimates at exploration and final 

production stages for SMU’s respectively. 
σ2

LE1,σ2
LE2 = Error variances of conditionally unbiased estimates at exploration and final 

production stages for the large planning blocks respectively (σ2
LE2 is assumed to be zero). 

 
From Krige’s relationship; Variances of actual SMU grades: 

 
BVs= B(s/L) + BVL 

That is,        B(s/L) = BVs - BVL 
 

Dispersion variances of conditionally unbiased estimates within P for L 
 

= BVL -  σ2
LE1    (at exploration) 

= BVL – 0      (at final production stage) 
 

Similarly, dispersion variances of conditionally unbiased estimates: 
 

Within L for S         = B(s/L) - σ2
se1    (at exploration) 

= B(s/L) - σ2
se2

    (at final production stage) 
 
Within P for S (required variance for longterm estimates) 
  

BVs - σ2
se1     (at exploration) 

= BVs - σ2
se2    (at final production stage) 

= B(s/L) + BVL - σ2
se2    ……………………. (2) 

 
To arrive at this required variance for longterm estimates (i.e. equation 2), the variance of L 
estimates at exploration must be adjusted or increased by: 
 

B(s/L) + BVL - σ2
se2 – (BVL - σ2

LE1) 
= B(s/L) - σ2

se2 + σ2
LE1 

= BVs - BVL - σ2
se2 + σ2

LE1   ……………………. (3)         
 
 
 
 
 
 
 



Direct approach based on direct estimates of SMU within the population area 
 

 
Let:  BVs = Variance of actual SMU’s in P (see previous section for additional 
definitions). 
 
Dispersion variances of conditionally unbiased estimates for direct SMU’s 

 
= BVs - σ2

se1   (at exploration)    ……………. (4) 
= BVs - σ2

se2   (at final production stage) …..……………. (5) 
 

That is, dispersion variance at exploration stage from equation 4 has to be adjusted up to that 
at final production stage, i.e. equation 5 by: 
 

BVs - σ2
se2 – (BVs - σ2

se1) 
= σ2

se1 - σ2
se2 

 
RESULTS 

 
In order to compare the direct and indirect estimates of the SMU distributions, all the “actual” 
data has been used to provide kriged estimates of the 10 x 10 x 10m SMU blocks for the 
whole area.  The latter represents the “actual” follow-up values and were used to provide the 
relative improvements shown by the respective techniques.  Improvements shown by both 
alternatives were measured by the level of correlation between the averages of estimates and 
actuals above the respective cut-offs and the extent, if any, of the remaining conditional 
biases as reflected by the slopes of regression on the same basis. 

 
Tables 3 to 5 show the results of aggregating recoverable resources for individual block 
estimates over the global area.  The tables show very good results for total metal content but 
some under-valuation of tonnage and over-valuation of grade for all three techniques. For all 
practical purposes these are not serious.  Sensitivity analysis of the variogram showed that 
these under- and over-valuations disappear with some limited changes to the variogram 
parameters.  This is so because the theoretical SMU block variance computed from the 
variogram (formulae 3,4 and 5) then agrees very well with the observed SMU block variance. 
Therefore, accurate modelling of the variogram parameters is important for all the techniques.  
The tables show that both the levels of correlation and the slopes of regression are close to 
1.0 at the global scale.  Figures 1 to 3 are graphical representations of some of the results in 
Tables 3 to 5. It should be borne in mind that the cut-off grade is usually below the mean 
grade of the orebody. 
 



CONCLUSIONS 
 
The study shows that the present indirect approach of SMU distributions can be used for 
computing recoverable resources for new mining projects.  The study further shows that the 
direct and more straightforward technique if applied efficiently, can provide an equally useful 
practical tool for computing recoverable resources for feasibility mine planning.  The term 
“efficient” application of these techniques stresses the need for all the block estimates (large 
or direct SMU) to be conditionally unbiased, which means the approach used by some 
practitioners in limiting search routines to increase the dispersion variance artificially 
cannot be justified.  This implies the need for the use of an adequate search routine, and 
where this becomes impractical, the use of simple kriging with the global or a more local 
mean. 

 
Table 3:  Global aggregate of direct and indirect distributions of selective mining units  

(SMU’s) for recoverable resource estimates compared with Actuals 
 

Mean grade above Cut-off Proportion above cut-off (%) Cut-off 
UC INDLN DLN Actuals UC INDLN DLN Actuals 

0.0 1.02 1.02 1.02 1.01 100 100 100 100 
0.3 1.07 1.09 1.08 1.06 93.5 91.4 92.0 94.3 
0.5 1.23 1.26 1.25 1.20 76.1 73.8 74.1 77.6 
0.7 1.42 1.46 1.46 1.40 58.04 56.4 56.2 58.4 
0.8 1.53 1.57 1.57 1.48 50.2 48.9 48.5 51.8 
1.0 1.74 1.80 1.80 1.68 37.4 36.7 36.1 38.8 

 
UC = Uniform conditioning 
INDLN = Indirect SMU distribution based on lognormal model 
DLN = Direct SMU distribution based on lognormal model 
 
Table 4:  Global aggregate of direct and indirect distributions of selective mining units 

(SMU’s) for recoverable resource estimates compared with Actuals 
 

Metal Quantity Cut-off 
UC INDLN DLN Actuals 

0.0 1.019 1.019 1.016 1.015 
0.3 1.00 0.999 0.997 1.000 
0.5 0.933 0.928 0.925 0.931 
0.7 0.825 0.824 0.818 0.818 
0.8 0.766 0.768 0.761 0.767 
1.0 0.651 0.659 0.645 0.652 

 
UC = Uniform conditioning, INDLN = Indirect SMU distribution based on lognormal model 
DLN = Direct SMU distribution based on lognormal model 



Table 5:  Global aggregate of direct and indirect distributions of selective mining units 
(SMU’s) for recoverable resource estimates compared with Actuals 

 
Correlation Coefficient Regression Slope Actual/Estimate Technique 

Grade Tonnage Metal Grade Tonnage Metal 
UC 1.00 1.00 1.00 0.95 0.98 0.99 
INDLN 1.00 1.00 1.00 0.91 0.98 1.02 
DLN 1.00 1.00 1.00 0.90 0.97 0.98 
UC = Uniform conditioning, INDLN = Indirect SMU distribution based on lognormal model 
DLN = Direct SMU distribution based on lognormal model 

Figure 1. Global Direct and indirect smu metal estimates compared with Actuals 
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Figure 2. Global direct and indirect smu tonnage estimates compared with Actuals  

 
Figure 3. Global direct and indirect smu grade estimates compared with Actuals 
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