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Abstract  

 

The future panorama in the mining industry forecast the depletion of enriched ores and near-surface mineral deposits. 

Hence, the coming challenge is to access these depleted and remote deposits while improving the safety standards and 

reducing the environmental impact. 

The aim of this work is to reinforce the advantages of obtaining data in real time which would save significant time, effort 

and money, thus, allowing companies to guide operations much more quickly, making informed decisions. 

To accomplish the proposed, this work contributes to the sampling procedures frontline while integrating the concepts of 

Real-Time Mining (RTM) and Geostatistics applied to a portable X-ray fluorescence (hXRF). The hXRF is an instrument easily 

managed in the field and responsible to provide a fast geochemical analysis regarding the materials of interest at the 

mining stopes. 

This exercise was performed in the case study of Neves-Corvo Mine and it shows the advantages of considering the fast data 

provided by the hXRF device, which expresses a significant utility once applied between the drilling core sampling (ALL) and 

the face chip sampling (UGS) campaigns, both herein considered as slow data providers. 

To compare the fast data with the slow data, the bivariate analysis created a new dataset (hXRF2) which was a forecast of 

the possible data that could be obtained through the hXRF device regarding the traditional laboratory assays references. 

The geostatistical ordinary kriging algorithm was responsible for the mineral resource estimation and verified the 

advantages of integrating fast data in the sampling campaigns. 
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Introduction 
 
The fast growth in world population and the continuous technological advances require a higher mineral 
consumption due to the achievement of better standards of living. However, the panorama in the mining 
industry will change due to the depletion of deposits and the need to access complex and geological settings 
(Benndorf, J. et al., 2015). Thus, the companies may face an increase of expenditures regarding the quantity of 
ore that will be needed to exploit and processed to achieve the expected concentrates. Moreover, it is needed 
to readapt the industry to move towards the efficient resources management as well as the improvement of 
the safety standards within the underground mining settings.  
This work aims to contribute to the RTM research while reporting an experiment where it was tested the 
possibility to integrate Fast Data between the ALL and UGS campaigns, both considered as Slow Data providers. 
To characterize the elements of Cu and Zn at the mining stopes, the hXRF enables the real time upgrading into 
the MRE system. This exercise was applied to a real case study in the Neves Corvo Mine situated in Alentejo, 
Portugal. 
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Theoretical Approach 
 

Real Time Mining 
 
Among others, one of the frontalines of the RTM framework regards to the material’s characterization 
methodologies. Considering a continuous up-datable resource model, this will not only allow a more efficient data 
management but also to perform new models of optimization on decision making from the short-term sequencing 
and production control to the long-term planning (Benndorf, J., 2016). 
 
Forecasting the need to access hazardous small deposits within extreme conditions, the future autonomous 
systems will play an important role. One of the main risks regarding the safety is the unexpected rock falls or 
the failures of the pillars. Here, an automated sampling methodology could power the workforce. 
 
There is also a possibility to link the operations in an operational center, which means that it would be possible 
to execute and control the operations far from the mining sites. Karaś, H. (2015) presented an interval of 
improvement by integrating autonomous machines in 24 hours of execution (40-80%) and the potential 
increase on the efficiency regarding the inclusion of an Operational Center (10-20%) (Figure 1).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1 - Improvement potential through autonomous machines and the mining operational center (Whlquist, H., Sweden) 
 

Instrument for the Fast Data Collection 
 
Throughout this work, it is expected to optimize the sampling procedures using the NITON XL3t 600 hXRF 
device which is a handheld X-ray spectrometer that performs a non-destructive measurement technique when 
executing the geochemical analysis. Kelsey E. et al. (2016) considered this instrument capable of providing a 
reliable geochemical analysis once comparing its data output with the laboratory traditional assays. Some other 
authors documented studies evaluating the behavior of this equipment regarding its precision but also 
limitations. As it was referenced by Marques, R. (2016) while reporting a real-case study towards the ore 
quality control and the allocation of mined blocks in a limestone mine, the main benefits that are commonly 
divulgated are the reduction of the waste material, production costs minimization and the increase of 
profitability. 

 

Geostatistics 
 
Under a discreet and very limited source of data is possible to interpolate the points between the sampled 
locals through different estimation models. The aim of geostatistics is to characterize the natural phenomena 
and to quantify the uncertainity derived from the natural resources (Soares, A.,2006).  
To obtain the Mineral Resources estimation (MRE) regarding the metal of interest, copper Cu, the geostatistical 
ordinary kriging algorithm was herein performed. It was first determined by Georges Matheron (1965) through 
the definition of the regional variables (Soares, A., 2006).  
To classify the regional variable, two fundamental concepts are referenced: the randomness and structure. 
Those concepts mean that there is a spatial structured inference from the regionalization, but it is also included 
the variability, which is an organic event from the natural phenomena.  
The geostatistical algorithms use the semi-variograms or as commonly called, the experimental variograms. 
This tool is responsible to characterize the spatial dependence of the attributes and the spatial variability 
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within the metal grades dispersion. It is represented by the function  and  which represents the 
measures on site in  and  + ℎ coordinates (Hengl et al., 2009). The variability of the dataset Z(X) is represented 
in the Equation 1: 

 

 

(1) 

 
Where (ℎ) is the number of pairs of points for a certain distance, ℎ,  is the value of the property measured 
in the local of study and   the value of the property measured in a distance ℎ from . To process 
the experimental variograms, the following parameters are tested by the user: azimuth, , inclination, ∅, 
tolerance for a certain radius,  , distance between points, ℎ,interval ranges,  , nugget, , sill, . Herein, 
the variogram that was utilized modelled the data through the  
spherical function, which is commonly chosen in different geostatistical applications. This model is defined by 
two parameters: sill, and range, through the following standardized expression: 
 

 

                                                            (2) 

The sill  represents the superior limit in which the variogram values tend to, with the increasing  values. The 
range , represents the distance where the variogram   stop increasing and equals the sill. Then, it is where 
the variance of Z  is displayed (Soares, A., 2006). Throughout this thesis and regarding the variography, it was 
decided to use the best directions of continuity within the FC. For the Cu main direction: 50, -40 and 0. The 
considered nugget effect was 0,36. The data was modelled through 2 spherical model structures, the first one 
presented a sill value of 0.20 and a range of 7,12 and 10.  In the second structure, the sill value was 0,44 for a 
range of 46,40 and 15. Regarding the Zn, the direction was 59, - 38 and 12 with a nugget effect of 0.46. The first 
structure presented a sill of 0.27 and ranges of 16, 15 and 17. The 2nd structure had 0,26 for the sill and ranges of 
112, 55 and 47.  
 
The kriging estimators were also referred by Matheron G. (1965) in honor of Kridge D. (1951) first approaches 
(Soares, A., 2006). The ordinary kriging algorithm incorporates the experimental variogram output information 
plus the original data set values to perform the estimation in the non-sampled locals.  
The ordinary kriging estimator is expressed in the Equation 3 regarding the point of estimation,  
through the attribution of weights,  , to each sample, . 

  

   

  (3) 

The estimation uses a linear combination through  neighboring variables  – ), . 
 
The method follows the BLUE's Kridge (as it is defined in the english literature) for Best Linear Unbiased 
Estimator where the criteria of Unbiasedness and the Minimum variance estimation are verified in terms of the 
estimation error (equation 4). 

                                                                  (4) 
The unbiasedness , guarantees the execution of the estimation process while adjusting the mean of 
the error between the real and the estimated value approximated to zero. From the unbiasedness, the algorithm 
runs performing the minimum variance regarding the estimation of the errors,  

. 
 

Methodology 
 
The following figure 2 describe the adopted methodology within this work. 
 
Based on the hXRF device’s manual, a set of important procedures regarding the acquisition of the data were 
studied to best adapt the measurements to the environment conditions. Also, the Somincor’s method to obtain 
data at the mining stopes through the Face Chips Sampling was reviewed. Then, the UGS and ALL datasets 
provided by the geological department were analyzed and it was selected the best region to proceed with the 
MRE regarding the available support of data. 
 
It was performed the uni and bivariate data analysis. The dataset collected through hXRF (hXRF1) was validated 
by the results provided by the laboratory traditional assays (LAB). According to the overall hXRF datasets 
achieved in the campaigns held in the previous years, it was verified the correlation between hXRF and LAB in a 
bi-plot visualization. From the regression line equation, it was created a new dataset called hXRF2 which is the 
forecast of the Cu grade possibly taken by the hXRF device under the UGS reference. 
Finally, the last phase is summed by the definition of the block model and the performing of the mineral 
estimation regarding the Cu variable in the chosen FC domaining. It was compared the results given by the 
hXRF2+ ALL towards ALL estimate. Finally, the parametric functions were plotted stressing the cut-off variation 
for the mean grade, cut-off vs tonnage and cut-off vs metal quantity. 
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The geostatistical modeling software developed by Cerena research department in IST, GEOMS, the SGEMS for 
Standford Geostatistical Earth Modelling Software and MATLAB were used. For the quantification of the MRE it 
was executed an algorithm through the Matlab Software.  
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Figure 2 - Process flow for the estimation of mineral resources. 

 

 

Real Case Application 
 
Situated in the province of Alentejo in the Southern part of Portugal, the Neves-Corvo Mining concession is 
integrated in the Iberian Pyrite Belt (IPB). The IPM consists in a geological structure integrating various volcano-
sedimentary massive sulphide (VMS) deposits originated between the Superior Devonic and carbonic ages. Its 
extension is through 250 km and 60km of width, standing from the south of Portugal, Grândola, to the west of 
Sevile in Spain. Its geological phenomena originated some of the most important massive sulphide deposits in 
the world (Martins et al., 2006).  
The Neves Corvo Mining Concession has 7 deposits: Neves, Corvo, Graça, Zambujal, Lombador, Monte Branco. 

and Semblana. The Neves deposit is characterized by two lenses (Neves South and North) 0-35º North 

orientated and connected by a thin bridge. The Neves South is characterized by a greater content of zinc with 

other elements such as lead, copper, silver and pyrite. In its turn, Neves North is copper rich characterized by 

well-developed stockwork and basal massive sulphides (Technical report, 2017). The mineralizations 

approached throughout the hXRF are designed as the conventional description used within the mine, MC for 

Massive Copper which is the major ore mineral (chalcopyrite), MZ for Massive Zinc with sphalerite, FC for 

stockwork of copper, MCZ for Massive Copper and Zinc and MZP for Massive Zinc and Lead (Sphalerite and 

galena). Lastly, the FE for Stockwork of Pyrite, which is considered as a low grade mineral content characterized 

by barren. 
 
 

Data description  
The total datasets that are used throughout this work are hXRF1, LAB, hXRF2, UGS and ALL. 
 
 
 

 

4 



Fast Data 
 

The hXRF equipment device that was used on-the-spot analysis was the NITON XL3 600. Throughout the various 
deposits of Neves Corvo Mine, 120 samples were taken and the data set consists in the geochemical grade 
readings of copper and zinc, among other elements.  
To guarantee some consistency of the data, we determined that 10 readings points would be measured 
throughout 1 meter in each channel length. Then, the average of the readings in each channel was calculated. For 
each point, the reading time considered was 10 seconds. 

 

To avoid cross contamination, the dust in the window’s unit was clean in each measurement. The respective time 
for the device’s warm up was respected according to the Niton’s user guide. Also, since the hXRF presents depth 
limitations It was also assumed that the material on surface is the same as the material beneath the penetration 
depth of the X-rays. According to Vaillant et al (2014), this assumption can help to increase the representivity and 
consistency of the data. 

 

The extension of the data available through the hXRF device was considered too sparsely located towards the aim 
of this project (Table 1) since we could not obtain good results in the estimation process. To tackle this problem, it 
was defined the best region for the estimation. 

 
Table 1 - Description of the data obtained through hXRF in 2017 Campaign within the domains 

Deposits ( ) ( ) ( ) ( ) ( ) ( ) Nº Samples 

Neves 3534.08 4145.88 2647.36 3371.6 751 774.7 66 
Lombador 4248.28 4500.68 3354.47 3561.73 396.2 644.6 18 
Zambujal 5261.97 5368.84 1922.62 2097.89 722.8 748.9 18 

Corvo 5076.49 5081.91 2573.13 3317.36 643.2 646.4 18  
The dot separates the integer part from the fractional part of the number written in decimal form. 

 

Slow Data 
 

The LAB and UGS are based on the results provided by the laboratorial facilities of Somincor through the 
traditional assays that are performed to characterize the elements. They are collect under the procedure called 
Face Chip Sampling. The ALL data is referred to the Drilling Hole Campaigns. 

 

The LAB dataset consists in the chip samples collected in the same coordinates where the campaign 2017 was 
carried out for this project (total of 120 samples). It also consists in the additional LAB data taken from the 
campaigns carried out in the previous years, which were important to stablish the linear regression equation 
given by the bi-plot analysis between the total hXRF data and LAB. The UGS is herein considered as the chip 
samples, also given by the geological department, but located nearby the coordinates followed in the hXRF 
campaign of 2017. It consists in a total of 285 samples. 

 

Face Chip Sampling 
 

The underground mining stope dimension is  which is equally divided into small areas that are 
approached by the geological staff. Each stope is sampled in every second or third advance (Technical report). 
Accordingly to each style of mineralization, the samples can be collect radially through the Radial Chip Sampling 
(in massive mineralizations) or in Channel (in stockwork mineralizations). The main style of mineralization that 
was object of this study was the stockwork of copper. Consequently, the Channel Chip Sampling consists in the 
mining stope division into a 3x3 grid. The disposal of the 1 m channel length depends on the vertical or 
horizontal alignment of the mineralization features (Figure 3). In each channel, the fragments of the rock mass 
were collected in a sample plastic with the respective label describing each sample location and the respective 
ID. Finally, the samples were sent to the laboratorial facilities. 
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Figure 3 - Scheme of the channel features for the stockwork mineralization (Revês, 2016). 

 

Drill Hole Sampling 
 
The ALL data was provided and used to support the further MRE. The underground drilling is generally taken on 
35 spacing and its orientation is perpendicular to the overall strike characterized by the deposits.  
Since the sample intervals in FC were defined along 1m of interval (or even less) which better reflects the 
variability of the mineralization, the composites are also considered for 1m length. 

 

Domain of selection and Support of Data  
It was decided to proceed with the study within the domain of Neves deposit which was delimited by the available 

greater number of samples. The deposit of Neves is divided in two lenses where the data was spared and due to the 

deposit extension and lack of data between the populated regions it was verified where the two other types of data 
UGS and ALL were available to provide additional information. The chosen region for the MRE was characterized by 

the FC mineralization, then the number of samples in Neves deposit were reduced from the initial 66 to 30 available 

samples regarding the adtional samples. Otherwise, the variability in space from samples displaced along significant 
distances would be even more significant. 
 
The data was gathered, and it was defined the final region of interest which is described in the following 
coordinate intervals (Table 2). These coordinates correspond to the stopes located in the 750 and 770 meters 
in the topographical elevations. 

 
Table 2- Domaining and extension of the gathered data (hXRF, UGS and All) – region of interest between the stopes Neves 750 and 

Neves 770.  
 
 

Coordinates Interval (m) Extension(m) 
   

x [4072.42;4169.04]] 96.62 

y [3046.96;3143.58] 70.31 

z [711.67;808.29] 39.91  
 

The dot separates the integer part from the fractional part of the number written in decimal form. 

 
Considering the nature of the ore type within the volcano-sedimentary massive sulphide (VMS) deposits, 
the density of rock per unit volume herein considered was a homogenous value of 4, 5 g/ 3. 
 
 

Results and Discussion 
 

Univariate Analysis 
 

Analyzing the differences between the grades given by the hXRF and LAB datasets, 37% of the data regarding 
the Cu readings present an admissible difference smaller than the unit which means that the other 63% of the 
data is characterized by small differences within the decimal order. For the Zn variable, 100% of the data has 
also a difference observed in a decimal order. Analyzing the proximity between the total data, 65% of the 
readings present small variations no bigger than 0,5%. 

 

The statistical analysis between hXRF1 and LAB (2017 campaign) for the variables of Cu and Zn are shown in the 
histograms as it follows (Figure 4). The histograms present a positive asymmetry in shape (skewed distribution) 
since the frequencies are not equally distributed. It is shown more frequency on the left-hand side of the peak 
meaning that the lower class of values for both hXRF1 and LAB datasets is significant. The higher variance value 
is also explained due to the low quantity of the available dataset and the associated variability from the 
stockwork of copper.  
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It is also well reproduced the distance between the samples, which decreases the autocorrelation between all 
pairs of data. The coefficient of skewness is always positive and higher than 1 which indicates the lognormal 
distribution of the variables in study.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4 -Cu histogram probability function distribution and box-plot - 30 samples a) Cu hXRF1 b) Cu LAB c) Zn hXRF1 d)Zn LAB 

(GEOMS). 
 

Bivariate analysis  
The Pearson’s correlation between the data provided by hXRF and LAB is presented in the following figures.  
The results are considered to express a good dependence between the methods.   
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Figure 5- Correlation between the hXRF and Lab data sets for a) Cu - FC/FE b) Zn - FC/FE c) Cu – MC d) Zn- MC e) 
Cu- MZ and f) Zn-MZ 

 

Forecast hXRF2 
 

 
The forecast for the possible hXRF data under the UGS coordinates (hXRF2) uses the correlation presented in 
the bi-plot hXRF and LAB for FC, regarding the Cu grade. It was expected to obtain predictions very close to the 
values given by the UGS since the was approximately 0,90. The forecast data hXRF2 was created 
through the equation  which expresses the simple linear model obtained above.   represents the 
Cu content grade from the created hXRF2 and  is the Cu content grade regarding the Face Chip Samples UGS.   
represents the slope of the linear regression and  is a referenced value intersecting the   axis. The predicted 
values for hXRF2 regarding the available UGS data were calculated through the substitution of the Cu content 
grade provided from the UGS.



Since the values of  where not part of the data used while estimating the linear regression model  (Figure 5), the 
values expressed through the  could be considered a genuine forecast.  
The comparison between UGS and hXRF2 statistics (Table 3) shows that the variance and the maximum are higher 
in the hXRF2 data although the mean between both methods have 1% and 2% of difference for Cu and Zn. The 
cumulative distribution function shows that up to 12 % and 20% of the population presents more than 1% grade 
for Cu in the UGS and hXRF2 data sets. Regarding Zn, the data containing more than 1% grade are represented 
around 0.78% and 0.95% of probability, respectively. 

 
Table3 - Statistics between the UGS and the forecast hXRF2.  

 
 STATISTICS UGS (Cu) hXRF2 (Cu) Difference UGS (Zn) hXRF2 (Zn) Difference 
        

 Data Count 285 285 -- 285 285 -- 

 Mean 2.85 2.86 0.01 0.15 0.18 0.03 

 Variance 8.13 10.28 2.15 0.06 0.09 0.03 

 Maximum 14.50 16.41 1.91 1.76 2.37 0.61 

 Median 1.90 1.56 0.34 0.08 0.13 0.05 

 Interquartile range 3.55 3.88 0.33 0.12 0.09 0.03 

 (Q3-Q1)       

 Minimum 0.00 0.00 0.00 0.00 0.00 0.00 
        

 

Mineral Resource Estimation 
 

The MRE was calculated considering the support of data hXRF2, UGS, hXRF2+ALL, UGS+ALL and ALL within the 
Neves deposit in the FC mineralized region.  
The hXRF2+ALL and UGS +ALL comprises 800 samples each, and its comparison was analyzed. With this process, it 
was expected to verify not only the validity of the hXRF2 but also to quantify the advantages from the inclusion of 
the fast data between the drilling hole campaigns (ALL). After the estimates, the recovery curves considering the 
Cu were plotted. The estimation of Zn is not significant within this type of mineralization and throughout the 
regions approached in this thesis. 
 
Regarding the support of data it was decided to proceed with the estimation using 148 ( ), 144 ( ) and 64 ( )  
blocks with the dimensions of 0. 5  0. 5  0. 5 in each mining unit. In total, it corresponds to 1, 363 968 million 
blocks and since each block has 0.125 3, the total volume of the region to be estimated is approximately 170 496 3. 
The density was previously considered as 4. 5 t/ 3, thus, the total quantity of mass within the region is about 767 
232 t. 
 
The results from the kriging estimator regarding the UGS and hXRF2 data sets show a smoothed spatial inference. 
The optimal prediction surface obtained from the estimator through the mathematical function or as previously 
referred, the semi-variogram, is also in concordance with the input data. The UGS and hXRF2 estimates are similar. 
As expected the statistical analysis regarding the comparison between hXRF2+ALL and UGS +ALL (Figure6) are also 
similar and can be considered the same. 

 

a)  b)  c) 
      

 
 
 
 
 
 
 
 
 
 

 

Figure 6 – After ordinary kriging estimation, variable Cu a) hXRF2+ALL, b) UGS +ALL c) ALL 
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The MRE was parameterized according to a hypothetical cut-off content of 0.7g/t within the FC mineralization. The 
parametric curves on Cut-Off vs Tonnes, mean grade ( ) and quantity of metal  )) are herein indicated. 
The resources considering the data samples are described in the following Table 4. After proceeding with the 
estimate through ordinary kriging, the obtained results are shown as it follows (Figure 7 and Table 5). 

 

a)  b)  c) 
      
 
 
 
 
 
 
 
 

 
Figure 7 - Parametric Curves after ordinary kriging estimate (MATLAB). a) Mean vs Cut-Off grade b) Tonnes vs Cut-Off c) Metal quantity 
vs Cut-Off (Matlab). 

 
Table 4- Resources from the sampled data values, apriori the estimate and under a Cut-Off of 0.7 g/t. 

 
FC 

 
  
T(z), z=0.7g/t 

  

ALL 515 71 13 0.06 8 
hXRF2 + ALL 800 250 31 0.41 13 
UGS + ALL 800 288 36 0.46 17 

UGS 215 189 88           2.51 22 
hXRF2 215 179 83 2.38 20 

 
 

Table 5- Resources from the sampled data values, after the estimate and under a Cut-Off of 0.7 g/t. 
 

       
ALL 312 239  39 030 175 635 1.04 18 266  

hXRF2 + ALL 851 701  106 463 479 084 1.90 91 026 
UGS + ALL 872 403 0.125 109 050 490 725 1.89 92 747 

UGS 1 349 255  168 657 758 956 2.42 138 660  
hXRF2 1 345 165  168 146 756 655 2.40 137 597 

 

 

Conclusions 
 

The aim for this thesis was to explore the validity on the integration of Fast data into the RTM purpose through a hXRF 

device operated at the stopes of Neves-Corvo mining deposits. The hXRF data presents an increasing of the error with the 

increasing grades. It is considered its best performance towards the FC mineralization when is needed to decide between 

to leave or to continue the production. The high variability assoiated to the FC is due to type of mineralization. The 

geochemical analysis executed through the hXRF regarding the grade elements of interest, Cu and Zn, provided good 

approximations towards the laboratorial results. The correlation results were classified as strong to too strong. It was 

considered that the correlation between both methods are equi-comparable which shows that the hXRF is able to support 

the drilling hole sampling and face chip sampling campaigns. 

 

The equipment can be used in the mining stopes to support the UGS and ALL campaigns. Although, the hXRF 
device provides operational or instrumental errors. Nevertheless, the human error has always to be considered.  

 

It was possible to obtain the MRE under the application of a hypothetical cut-off grade of 0.7%. The potential 
resources regarding the Cu estimation through ordinary kriging given by hXRF2+ALL is the production of 479 084t for 
an average grade content of 1.90 % and quantity in metal 91 026t. It clearly adds more information in comparison 
with the ALL despite its conservative model (if compared with the sampled data UGS+ALL). 
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Way Forward 
 

The work to be done concerning the update of mineral resources through Fast data provided by hXRF devices 
could be improved in many stimulating perspectives. It would be very important the execution of a good 
planning prior to any other campaign and an extended timetable in order to guarantee the acquisition of 
representative data. The study could be better done if the region of interest and type of mineralization are well 
defined before to start the measurements so a great among of data would be valid for the estimation and 
provide more accurate and reliable results. 
 
Some adaptations could be considered regarding the parameters of the reading time and the calibration factors. 
It would be also very interesting to add and analyze the behavior of the penalty elements such as As, Sb and Hg.  
Despite the good results of the hXRF readings while measuring low grades it is also important to motivate the 
study in the massive of copper and zinc mineralization where the equations of the regression models shows  
values up to 0.90.  
In a second stage of the study, a simulation should be performed so it would be possible to obtain many 
scenarious with the same probability of occurrence. The stochastic simulation would quantify the local 
uncertainity. The direct sequential simulation would be an interesting approach while integrating the 
reclassification according to the minor or major level of uncertainity.  
After this process, the further step would be the reconciliation through the comparison between the created 
distribution grade models and the real grades entering in the processing plant. 
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