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Abstract 

Ore and waste classification in grade control is a critical aspect of mining operations to define 

which material is considered as ore or waste. Geostatistical techniques such as kriging and 

conditional simulation are used to estimate grades between sample points, followed by the 

application of a cut-off grade to discriminate the materials. Misclassification occurs when the 

estimated grades are not consistent with the actual grade distribution leading to ore loss and waste 

dilution. With the rapid evolution of computers and technology, including advancements in data 

processing and predictive capabilities, a machine learning aided classification and a corresponding 

evaluation system are proposed. 

In this research, Support Vector Classification (SVC) is used as a machine learning approach to 

optimize material classification, alongside an industrial approach based on Ordinary Kriging (OK). 

Sequential Gaussian Simulation (SGSIM) is used to simulate the ground truth against which the 

two grade control models (SVC and OK) are benchmarked across two different open pit projects. 

Both models demonstrated decent results, achieving close to 90% accuracy in their predictions. 

However, the Kriging model exhibited approximately 8.5% misclassification of blocks, while the 

Support Vector Machine (SVC) showed a slightly higher misclassification rate of about 10.5% 

across the two scenarios.  

The impact of sampling errors, another source of misclassification, is evaluated by introducing 

five levels of random noises to the original data. On average, the performances of both Kriging 

and SVC models reduced by about 4 % when sampling errors were introduced into the data. An 

economic evaluation of the lost ore due to misclassification in both models showed lower metal 

losses in OK than in SVC model, which increased in OK as the sampling error level increased. 



ƛƛƛ 
 

Acknowledgement 

 

I am profoundly grateful to my supervisor, Professor Julian Ortiz, whose guidance, 

encouragement, and expertise have been invaluable throughout this journey. His unwavering 

support and constructive feedback have shaped this thesis and enriched my academic experience 

immeasurably. I extend my gratitude to the Queenôs Geometallurgy and Geostatistical Modeling 

(Geomet) group members for fostering cohesion and mutual support. 

I am indebted to the faculty and staff of Queenôs University, department of Mining Engineering 

for providing a stimulating academic environment conducive to intellectual growth and scholarly 

exploration. Special thanks go to Julie Sharrard, Alicia Alves, and Jill Hodgson for the warm 

welcome anytime I enter their office for any assistance. 

I am deeply thankful to my family for their unwavering love, encouragement, and understanding 

throughout this academic journey. Their unconditional support and belief in my abilities have 

sustained me through the challenges and triumphs of this endeavor. I want to say special thanks to 

my uncle Ing. Samuel Potakey for believing and supporting me throughout all these years.  

To all my friends, comrades, and graduate students at Queenôs Mining, I am grateful for the 

encouragement, humor, and companionship during moments of stress and celebration. I extend a 

special acknowledgment to Ricardo Quevedo for his unwavering assistance whenever I encounter 

challenges with my lengthy Python codes. 

Finally, I dedicate this thesis to the Almighty God, who saw my love, and labor for Him and blessed 

me with an amazing Supervisor. 

 



ƛǾ 
 

Table Of Contents 

 

Abstract ........................................................................................................................................................ ƛƛ 

Acknowledgement ..................................................................................................................................... ƛƛƛ 

Table Of Contents ...................................................................................................................................... ƛǾ 

List of Tables ............................................................................................................................................. Ǿƛƛ 

List of Figures ............................................................................................................................................ ƛȄ 

List of Abbreviations ...............................................................................................................................Ȅƛƛƛ 

Chapter 1 ..................................................................................................................................................... м 

Introduction ................................................................................................................................................. м 

1.1 Problem Statement and Motivation ........................................................................................ м 

1.2 Research Question and Objectives ......................................................................................... с 

1.3 Thesis outline............................................................................................................................. т 

Chapter 2 ..................................................................................................................................................... ф 

Literature Review ....................................................................................................................................... ф 

2.1 Open Pit Mining ............................................................................................................................... ф 

2.2 Open Pit Mine Planning and Design ........................................................................................... мн 

2.2.1 Long Range Planning ................................................................................................... 12 

2.2.2 Short Range Planning ................................................................................................... 17 

2.3 Geological Uncertainty ................................................................................................................. нл 

2.3.1 Impact on Short Range Planning .................................................................................. 20 

2.3.2 Impact on Grade Control .............................................................................................. 22 

2.4 Spatial Prediction for Grade Control ........................................................................................... нт 

2.4.1 Methods for Grade Prediction ...................................................................................... 28 

2.5 Ore and Waste Delineation ........................................................................................................... оф 



Ǿ 
 

2.6 Cut-off Grades Determination ...................................................................................................... пл 

2.6.1 Break-even and internal method ................................................................................... 41 

2.6.2 Laneôs Method .............................................................................................................. 42 

2.6.3 The Grade Tonnage Curve ............................................................................................ 43 

2.7 Calculation of Block Value ........................................................................................................... пп 

Chapter 3 ................................................................................................................................................... пс 

Methodology ............................................................................................................................................. пс 

3.1 Exploration Data Analysis ............................................................................................... 47 

3.2 Creation of Reference Model .......................................................................................... 48 

3.3 Data Pre-Processing ......................................................................................................... 53 

3.4 Creation of Kriging Model .............................................................................................. 54 

3.5 Creation of SVC Model ................................................................................................... 56 

3.6 Evaluation of models ....................................................................................................... 58 

3.7 Block Economic Value Calculation ................................................................................. 60 

Chapter 4 ................................................................................................................................................... сн 

Case Studies .............................................................................................................................................. сн 

4.1 Case study I .................................................................................................................................... сн 

4.1.1 Data ............................................................................................................................... 62 

4.1.2 Reference Model ........................................................................................................... 63 

4.1.3 Grade Control by Ordinary Kriging ............................................................................. 73 

4.1.4 Grade Control by Support Vector Classification (SVC) ............................................... 79 

4.1.5 Evaluation of models .................................................................................................... 86 

4.1.6 Economic value evaluation ........................................................................................... 89 

4.2 Case study II ................................................................................................................................... фм 

4.2.1 Data ............................................................................................................................... 92 



Ǿƛ 
 

4.2.2 Reference Model ........................................................................................................... 92 

4.2.3 Grade Control by Ordinary Kriging ............................................................................. 96 

4.2.4 Grade Control by Support Vector Classification (SVC) ............................................... 98 

4.2.5 Evaluation of models .................................................................................................. 100 

4.2.6 Economic value evaluation ......................................................................................... 103 

Chapter 5 ................................................................................................................................................. млс 

Conclusion And Recommendation....................................................................................................... млс 

5.1 Conclusion ............................................................................................................................. млт 

5.2 Limitations ............................................................................................................................. млф 

5.3 Recommendations ................................................................................................................. ммл 

References ............................................................................................................................................... ммн 

Appendix A ............................................................................................................................................. мнл 

A-1.1 The Effect of Blasting ............................................................................................................. мнл 

A-1.1.1 Direct Blast Movement Measurement .................................................................... 121 

A-1.1.2 Indirect Blast Movement Measurement ................................................................. 126 

Appendix B ............................................................................................................................................. мом 

Appendix C ............................................................................................................................................. мрп 

 

 

 

 

 

 

 

 

 



Ǿƛƛ 
 

List of Tables 

 

Table 1: Types of kernel functions ............................................................................................... оу 

Table 2: Summary statistics of Cu grades (in %) for entire pit and selected benches. ................ со 

Table 3: Principal directions of spatial continuity. ....................................................................... ст 

Table 4: Summary statistics of blast hole and simulated data, showing bias. .............................. тл 

Table 5: Bench by bench ore properties for reference model. ..................................................... тн 

Table 6: Bench by bench waste properties for reference model. ................................................. тн 

Table 7: Attributes for variogram model. ..................................................................................... тр 

Table 8: Optimum hyperparameters used to fit model for B_3964 and its performance on test and 

reference data. E0 represent the original variable with no error whiles E10, E20, E30, E40 and E50 

represents variable with 10% to 50% added errors. ...................................................................... ун 

Table 9: Economic value of ore lost for bench 3964 due to Kriging misclassification. .............. фл 

Table 10: Economic value of ore lost for bench 3964 due to SVC misclassification. ................. фл 

Table 11: Summary statistics of Au data for selected bench ........................................................ фо 

Table 12: Ore and Waste properties for reference model. ............................................................ фр 

Table 13: Summary statistics of blasthole and simulated data for bench 3997, showing bias. ... фс 

Table 14: Attributes for variogram model. ................................................................................... фт 

Table 15: Optimum hyperparameters used to fit model and its performance on test and reference 

data. E0 represent the original variable with no error whiles E10, E20, E30, E40 and E50 represents 

variable with 10% to 50% added errors. ....................................................................................... фф 

Table 16: Economic value of ore lost due to Kriging misclassification. ................................... млп 

Table 17: Economic value of ore lost due to SVC misclassification. ........................................ млп 

Table 18: Optimum hyperparameters used to fit model for B_3940 and its performance on test and 

reference data. ............................................................................................................................. мпл 

Table 19: Optimum hyperparameters used to fit model for B_3916 and its performance on test and 

reference data. ............................................................................................................................. мпн 

Table 20: Optimum hyperparameters used to fit model for B_3868 and its performance on test and 

reference data. ............................................................................................................................. мпп 



Ǿƛƛƛ 
 

Table 21: Optimum hyperparameters used to fit model for B_3836 and its performance on test and 

reference data. ............................................................................................................................. мпр 

Table 22: Economic value of ore lost for bench 3940 due to Kriging and SVC misclassification.

..................................................................................................................................................... мрл 

Table 23: Economic value of ore lost for bench 3916 due to Kriging and SVC misclassification.

..................................................................................................................................................... мрм 

Table 24: Economic value of ore lost for bench 3868 due to Kriging and SVC misclassification.

..................................................................................................................................................... мрн 

Table 25: Economic value of ore lost for bench 3836 due to Kriging and SVC misclassification.

..................................................................................................................................................... мро 

 

 

 

 

 

 

 

 

 

 

 

 

 



ƛȄ 
 

List of Figures 

Figure 1: Summary of grade control process. ................................................................................ н 

Figure 2: Material misclassification in grade control. ................................................................... р 

Figure 3: Open pit mining operation. ........................................................................................... мо 

Figure 4: Long range mine planning process (Abdeljalil, 2013). ................................................ мс 

Figure 5: Distribution of simulated Cu at point support (a) and block support (b) ..................... нс 

Figure 6 Inverse Distance Weighting Method .............................................................................. ом 

Figure 7: Smoothing effect of kriging. ........................................................................................ оп 

Figure 8: Grade Tonnage curve (Ortiz, 2023). ............................................................................. пп 

Figure 9: Summary of methodology. ........................................................................................... пт 

Figure 10: Cell de-clustering with eleven data and 6 occupied cells (Deutsch, 2015). ............... пф 

Figure 11: Schematic diagram of SVC workflowΦ ....................................................................... ру 

Figure 12: Confusion matrix for model evaluation (A. Suresh, 2021). ....................................... рф 

Figure 13: Blast hole (BH) samples from entire pit (a), and BH samples from selected benches (b 

to f). ............................................................................................................................................... сп 

Figure 14: Normal score variogram model fit for selected benches. ........................................... сс 

Figure 15: Simulation results for each bench at 10m by 10m by 10m block support. ................ су 

Figure 16: Q-Q plot of blasthole data and simulated data. .......................................................... сф 

Figure 17: Histogram of blast hole data (a) and simulated data (b) for Bench 3964. .................. тл 

Figure 18: Ore and waste zones for selected benches after applying threshold. ......................... тн 

Figure 19: Variogram models for all five benches. ...................................................................... тр 

Figure 20: Original blasthole data (a) and BH data with added errors (b) to (f). ........................ тт 

Figure 21: Ore and waste classification for bench 3964 showing reference model (a), and when 

estimated with original variable (Cu), and Cu with added errors (b) to (g). ................................. тф 

Figure 22: Determining the number of bootstrapping repetitions for C and gamma (g). ............ ум 

Figure 23: SVC model prediction on test data at bench 3964 for original variable (Cu), and Cu 

with added errors........................................................................................................................... уп 

Figure 24: SVC model classification on unseen (reference) data at bench 3964 for original variable 

(Cu), and Cu with added errors. .................................................................................................... ур 



Ȅ 
 

Figure 25: Performance of SVC models with optimized and fixed hyperparameters. ................ ус 

Figure 26: Performance of Ordinary kriging and SVC models in comparison to reference model 

for Bench 3964. ............................................................................................................................. ут 

Figure 27: Balanced accuracy of Ordinary kriging and SVC models for each bench. ................ уу 

Figure 28: Number of true ore and waste blocks classified by OK (a and b) and SVC (c and d).

....................................................................................................................................................... уф 

Figure 29: Bench by bench ore value lost. ................................................................................... фм 

Figure 30: (a) Sample locations, (b) Variogram of normal scores, (c) Simulation of BH samples, 

and (d) Ore/ Waste classification. ................................................................................................. фп 

Figure 31: (a) Q-Q Plot, (b) Histogram of BH data, (c) Histogram of Simulated data. .............. фр 

Figure 32: Original blasthole data (a) and BH data with added errors (b) to (f). ........................ фу 

Figure 33: SVC model prediction on test results (a), SVC model classification for reference data 

(b) and Ordinary Kriging model for bench 3997. ....................................................................... млл 

Figure 34: Confusion matrix for ordinary kriging and SVC models. ........................................ млм 

Figure 35: Balanced accuracy for ordinary kriging and SVC models. ...................................... млн 

Figure 36: Box plots of true ore and true waste blocks for ordinary kriging (a) & (b) and SVC (c) 

& (d) models. .............................................................................................................................. мло 

Figure 37: Percentage of ore value lost. .................................................................................... млр 

Figure 38: Ore loss and dilution during blast. Source: (D. Thornton et al., 2005). ................... мнм 

Figure 39: Pipe recovered after blasting Source: (Rosa & Thornton, 2011) ............................. мнн 

Figure 40: The blast movement monitoring system. Source: (Yu, Shi, Zhou, Rao, et al., 2019).

..................................................................................................................................................... мнр 

Figure 41: Pre (left) and post (right) blast 3D models with assigned grades Source: (Vasylchuk & 

Deutsch, 2018). ........................................................................................................................... мнт 

Figure 42: Model framework of GA-SVR, ABC-SVR and CS-SVR Source: (Yu, Shi, Zhou, Rao, 

et al., 2019). ................................................................................................................................ мнф 

Figure 43: Parameter file for de-clustering (declus.exe). .......................................................... мом 

Figure 44: Parameter file for normal score transformation (nscore.exe). .................................. мом 

Figure 45: Parameter file for nscore directional variogram model (vmodel.exe)...................... мом 

Figure 46: Parameter file for nscore directional variogram calculation for sgsim (gamv.exe). мон 



Ȅƛ 
 

Figure 47: Parameter file for nscore omni-directional variogram calculation for sgsim (gamv.exe).

..................................................................................................................................................... моо 

Figure 48: Parameter file for nscore omni-directional variogram model for sgsim (gamv.exe).

..................................................................................................................................................... моо 

Figure 49: Parameter file for sequential gaussian simulation (sgsim.exe). ............................... моп 

Figure 50: Parameter file for omni-directional variogram calculation (gamv.exe) for kriging. мор 

Figure 51: Parameter file for omni-directional variogram model (vmodel.exe) for kriging. .... мор 

Figure 52: Parameter file for ordinary kriging (kt3d.exe). ........................................................ мос 

Figure 53: Histograms of blast hole and simulated data for each bench. .................................. мот 

Figure 54: Ore and Waste classification using OK for each copper variable at bench 3940. .... моу 

Figure 55: Ore and Waste classification using OK for each copper variable at bench 3916. .... моф 

Figure 56: Ore and Waste classification using OK for each copper variable at bench 3868. .... моф 

Figure 57: Ore and Waste classification using OK for each copper variable at bench 3836. .... мпл 

Figure 58: SVC model prediction on test data at bench 3940 for original Cu variable (a), and Cu 

with added errors (b to f). ........................................................................................................... мпм 

Figure 59: SVC model classification on unseen (reference) data at bench 3940 for original variable 

(a), and Cu with added errors (b to f). ......................................................................................... мпн 

Figure 60: SVC model prediction on test data at bench 3916 for original Cu variable (a), and Cu 

with added errors (b to f). ........................................................................................................... мпо 

Figure 61: SVC model classification on unseen (reference) data at bench 3916 for original variable 

(a), and Cu with added errors (b to f). ......................................................................................... мпо 

Figure 62: SVC model prediction on test data at bench 3868 for original Cu variable (a), and Cu 

with added errors (b to f). ........................................................................................................... мпп 

Figure 63: SVC model classification on unseen (reference) data at bench 3868 for original variable 

(a), and Cu with added errors (b to f). ......................................................................................... мпр 

Figure 64: SVC model prediction on test data at bench 3836 for original Cu variable (a), and Cu 

with added errors (b to f). ........................................................................................................... мпс 

Figure 65: SVC model classification on unseen (reference) data at bench 3836 for original variable 

(a), and Cu with added errors (b to f). ......................................................................................... мпт 



Ȅƛƛ 
 

Figure 66: Performance of OK models in comparison to reference model for Benches 3940, 3916, 

3868 and 3836. ............................................................................................................................ мпу 

Figure 67: Performance of SVC models in comparison to reference model for Benches 3940, 

3916, 3868 and 3836. .................................................................................................................. мпф 

Figure 68: Parameter file for nscore directional variogram calculation for sgsim (gamv.exe). мрп 

Figure 69: Parameter file for nscore directional variogram model for sgsim (gamv.exe). ........ мрп 

Figure 70: Ore and Waste classification using OK for each Au variable. ................................. мрр 

Figure 71: SVC model prediction on test data at bench 3997 for original Au variable (a), and Au 

with added errors (b to f). ........................................................................................................... мрс 

Figure 72: Ore and Waste classification using SVC for each Au variable. ............................... мрс 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Ȅƛƛƛ 
 

List of Abbreviations 

ABC  Artificial Bee Colony 

ANN  Artificial Neural Networks 

BEI  Break-Even Indicator  

BEV  Block Economic Value 

BH  Blast Holes 

BLUE  Best Linear Unbiased Estimator 

BIRM  Blat Induced Rock Movement 

BMM  Blast Movement Measurement 

EDA  Exploration Data Analysis 

ELM  Extreme Learning Machine 

ERBFN Elliptical Radial Basis Function Network 

GA  Genetic Algorithm 

GC  Grade Control 

GSLIB  Geostatistical Software Library 

IDW  Inverse Distance Weighting 

NN  Nearest Neighbor 

NPV  Net Present Value 

QQ  Quantile-Quantile 

RBF  Radial Basis Function 

SK  Simple Kriging 

SMU  Selective Mining Unit 

SVC  Support Vector Classification 

SVR  Support Vector Regression 

SVM  Support Vector Machine 

OK  Ordinary Kriging 

SGSIM Sequential Gaussian Simulation 

ML  Machine Learning 

GPS  Global Positioning System 

WOA  Whale Optimization Algorithm



м 
 

Chapter 1 

Introduction 

This chapter introduces the thesis, briefly discussing the various grade control methods practiced 

in open pit mining, their limitations and novel studies being conducted to optimize the exercise. 

Section 1.1 highlights the problem statement and summarizes the main reasons for the research. 

Section 1.2 introduces the research question and the objectives of the study. Section 1.3 provides 

the outline of the thesis and a brief description of each section.  

1.1 Problem Statement and Motivation 

Short term planning regarding the destination of each block of material mined is indispensable in 

mining operations. In seeking to maximize NPV (Net Present Value), open pit scheduling depends 

on optimal sequencing of pit progress along with an accurate delineation of ore and waste zones 

(Hustrulid et al., 2013). Mining blocks can be flagged as ore for processing, as waste for the waste 

dump or kept at the stockpile for rehandling depending on the ore type and grades (ore blending 

purposes and maintaining targeted head grades for milling operations, among other processing 

requirements) (Zhang & Kleit, 2016). The decision of which material is ore or waste holds 

significant importance for the mine's profitability since it is the last opportunity for the mining 

company to achieve its estimated revenue, and errors at this stage are very costly and difficult to 

reverse due to its proximity to production (Rossi & Deutsch, 2014). Through grade control, mines 

make better decisions regarding the classification of ore and waste, and to select the destination of 

each parcel of material mined. 

Grade control is a set of processes that allow the labelling of mined materials as ore or waste in 

order to facilitate their final destination (Dimitrakopoulos & Godoy, 2014; Vasylchuk & Deutsch, 
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2018). The typical grade control procedure is summarized by four main operations involving blast 

hole sampling, grade estimation and material classification, blast movement measurements, and 

definition of dig limits, as illustrated in Figure 1.  

 

 

Figure 1: Summary of the grade control process. 

Blast hole sampling initiates the grade control process. Blast holes are drilled holes in the rock, 

typically filled with explosives to break down the rock after detonation: this aids in excavation and 

the haulage of materials. During the drilling of these blast holes, part of the drill cores are sampled 

and analyzed for the mineral grades, rock hardness, recovery among other processing parameters 

(K. Zhang & Kleit, 2016). Assay results on the mineral grades are used to model the grade 

distribution for every given portion of the mining block since only limited number of samples is 

available. Interpolation methods such as geostatistical estimation techniques are used for the grade 

estimation followed by the application of a cut-off grade. By comparing the estimated grade to the 

cut-off grade, materials with grades above the cut-off grade are considered ore and those below 

the cut-off grade as waste. This forms the basis of material destination. 
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Energy released during blasting causes rocks to be displaced from their original position which is 

detrimental to the accurate delineation of the predefined ore and waste zones and could lead to ore 

loss and dilution if not accounted for. To ensure that we have the right locations of materials, direct 

measurements such as physical markers or indirect methods like numerical modelling aids in 

predicting post blast rock locations. (More information on the effect of blasting is presented in 

Appendix A). Once we have the new rock locations accounted for,  excavation boundaries and 

proper material selection plan are defined to ensure that only material meeting certain grade 

specifications is extracted while avoiding the unnecessary removal of lower-grade material or 

waste (Furtney et al., 2013). 

Every phase of the grade control process involves a degree of uncertainty regarding the grade 

variables, consequently leading to uncertainty in determining the destination for mined materials 

(Vasylchuk, 2019). Managing the grade uncertainty stems from grade predictions made using blast 

hole data and other geological information. The type of prediction methods determines the 

robustness of the grade control model. When grade prediction or estimation techniques employed 

produce sub-optimal estimations, it leads to misclassification errors and materials are sent to the 

wrong destination leading to significant economic losses. Optimizing spatial prediction for ore and 

waste whiles accounting for the uncertainty determines the success of the subsequent steps in the 

grade control process and ultimately controls the profit of operations (Vasylchuk, 2016; Vasylchuk 

& Deutsch, 2018).  

Grade control typically relies on grade prediction methods because it forms the basis for 

delineating ore and waste zones (Dimitrakopoulos & Godoy, 2014). Common approaches for grade 

estimation include classical Nearest Neighbour (NN) method where grades of the closest blasthole 

sample are assigned directly to a block model, and the Inverse Distance Weighting (IDW) method 
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which assigns grades by calculating the weight of each sample that is inversely proportional to the 

distance of the estimation location (Ortiz, 2020). Geostatistical methods such as Ordinary Kriging 

were introduced for grade control in the early 1980s to account for the shortcomings of the 

weighting methods, such as minimizing the estimation variance under certain conditions (Rossi & 

Deutsch, 2014). Conditional simulation has been the most advocated technique to predict grades 

in recent years for its ability to address the shortcomings of kriging and the classical methods. This 

method simulates grades at given locations, accounting for the spatial uncertainty, and providing 

different optimization algorithms where the material types (ore or waste) are evaluated against all 

simulated realizations and the optimum destination or material type at each location is determined 

(Vasylchuk & Deutsch, 2018).  

 Constraints inherent in these estimation methods necessitate the exploration of more refined 

optimization techniques for block classification. For example the nearest neighbour and the inverse 

distance methods are commonly used estimators but do not provide accurate results in that they do 

not account for spatial continuity of the grade nor the redundancy in information (Ortiz, 2020). 

Ordinary kriging, which is a very common geostatistical estimator, produces near accurate results 

by reducing the estimation variance. However, minimization of the estimation variance is not 

optimal for grade control, since the resulting model is smooth and does not capture the spatial 

variability in grades found during the blocks extraction (Rossi & Deutsch, 2014). The intricate 

processes used to decide material destinations using loss and profit functions render the application 

of conditional simulation challenging, despite its ability to yield reliable estimates of grade 

distribution. When the grades assigned by an estimation method are not consistent with the actual 

grade distribution, it results in misclassification errors as illustrated in Figure 2 where a scatterplot 
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of the true grades of mining blocks are compared to the estimated grades. Ore, waste, lost ore, and 

dilution zones are defined when considering a cut off grade of 2g/t in this example. 

This research is aimed at developing an optimized, pre-blast block model by leveraging the 

predictive capabilities of machine learning algorithms, to enhance the classification of ore and 

waste materials. By harnessing advanced machine learning techniques, the aim is to improve the 

accuracy and efficiency of material classification processes, thereby optimizing resource allocation 

and extraction strategies in mining operations. Ultimately, this research seeks to contribute to the 

advancement of grade control practices by providing a robust framework for ore and waste 

classification. 

Another source of misclassification stems from sampling errors. Sampling errors are inevitable. 

During the collection and preparation of samples for grade control, errors can be introduced, 

ranging from fundamental sampling errors, segregation errors and other materialization errors 

(Dominy et al., 2010; Minnitt, 2018). These errors compromise the quality of the estimation results 

for grade control. Hence the possibility of incurring sampling error should be and is considered in 

this study. 

 

Figure 2: Material misclassification in grade control. 
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1.2 Research Question and Objectives 

The advancement of computers and technology has aided the processing and manipulation of high 

volumes of data within the shortest possible time. This presents a huge opportunity for the mining 

industry considering the amount of data it generates. Machine learning algorithms (MLA) are a 

collection of advanced computerized learning tools that provide a faster and better way of 

processing data using high-level processors. Recent application of MLA in mining include the use 

of Artificial Neural Networks for grade estimation in mineral resource estimation (Abuntori et al., 

2021), and Random Forests for classifying geological domains (Cevik et al., 2019) which have 

received a lot of successes. However, the application of a machine learning tool to classify ore and 

waste is yet to be explored. 

This research seeks to answer the following questions: 

¶ Can the performance of grade control be improved using machine learning? 

¶ How do sampling errors affect the quality of the grade control model? 

¶ How do machine learning methods compare to traditional geostatistical methods? 

It is expected that solutions to these questions would help reduce material misclassification, 

increase mine revenue and the overall productivity of the mine. To answer these questions, the 

researcher worked with the following objectives: 

¶ Develop a reference grade model by simulating the entire domain at 1m by 1m by 

1m point support, and then block averaging at a 10m by 10m by 10m block support. 

This serves as a ground truth to which the test models are compared. For selected 

benches of the deposit, the process is repeated to assess the general behaviour of 

each reference model. 
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¶ Develop a supervised machine learning model using Support Vector Classification 

(SVC). For each selected bench, an SVC model is generated, after training and 

fitting the model using optimal hyperparameters. This would be a test model from 

the same deposit as the reference model, having equal number of blocks. 

¶ Develop an estimation model base on industry practice using the same benches and 

number of samples as previous two objectives. The Kriged model would be the 

second test model generated and its performance will be evaluated against the 

reference.  

¶ Generate synthetic noises in the original sample data, representing potential 

sampling errors, and assessing their impact on the grade control decision at each 

bench. 

¶ Repeat the entire process on another mineral deposit.  

1.3 Thesis outline 

The supervised machine learning algorithm used in this study is aimed at optimizing grade control 

with respect to ore and waste classification. Support vector classification is an approach that allows 

for optimization and can be used to improve grade control decision making.  

Chapter two contains a review of the main grade control practices in open pit mining, especially 

methods for grade estimation and simulation. Recent application of machine learning, its successes 

in mining and its potential expedition of grade control is also discussed. 

Chapter three presents the studyôs key approaches used to analyze, process, and evaluate data. The 

processes of establishing the reference model and the various test models are described in this 

chapter. Optimal hyperparameters for SVC and their tuning processes are also discussed.  
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Chapter four introduces two grade control case studies based on real data. In the first case study, 

the results of both SVC and OK are compared to the reference model created from sequential 

gaussian simulation. The impact of sampling errors on each generated model is also assessed when 

random noises are added to the data. The variation of the optimum hyperparameters selected to 

train the SVC model is also analyzed over multiple benches. The second case study pertains to a 

separate deposit, yet replicates the methodology employed in the initial case. The effect of 

sampling errors on the data is also evaluated for each case. 

Chapter five discusses the main findings of the research, the general learnings and limitation, and 

conclusions. Recommendations for improving grade control in open pit mines are also discussed.  
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Chapter 2 

Literature Review 

This chapter reviews the open pit mining grade control process. The objective is to map the various 

methods used by mining corporations to spatially predict mineral grades and to delineate ore from 

waste in open pit mining. Section 2.1 provides an overview on open pit mining operations. Section 

2.2 gives insight into mine planning: both long- and short-range planning. Geological uncertainty 

and its impact on short range planning and grade control is presented in section 2.3. Section 2.4 

delves into spatial prediction methods for grade control, whiles section 2.5 describes the process 

of ore and waste classification. Cut-off grade determination is reviewed in section 2.6 and finally, 

section 2.7 describes the process of determining the economic value of a block. 

2.1 Open Pit Mining 

Open-pit mining is a prominent and widely employed method in the extraction of valuable 

minerals and resources from the Earth's crust. It is a surface mining technique that involves the 

removal of overburdenðthe soil, rock, and other materials that cover the target ore body (Whittle, 

2011). This mining method is characterized by its large-scale operations, extensive excavation, 

and the creation of vast, terraced pits which is accessed in benches.  

In open-pit mining, operations are typically carried out through a series of systematic steps, each 

of which plays a crucial role in the overall success of the mining project. The mining process 

commences with an exploration campaign to identify potential ore deposits. Geological surveys, 

drilling, and sampling are conducted to assess the mineral content, location, size, and quality of 

the ore body. This stage is crucial for determining the feasibility and economic viability of mining 

the deposit. Once an ore body is identified as viable, the project transitions into the planning and 
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design phase. This involves determining the optimal pit size, depth, slope angles, as well as 

designing infrastructure, roads, and waste disposal systems. This phase ensures that the mining 

project is meticulously planned to maximize efficiency and minimize environmental impacts. 

The extensive nature of open pit mining operations requires the deployment of large excavators, 

haul trucks, and drilling equipment. Drilling, blasting, and hauling is done continuously to strip 

off waste materials to expose the ore. The effective management of material handling is a critical 

aspect of open pit mining operations because it impacts productivity and cost efficiency (Hustrulid 

et al., 2013; Whittle, 2011). Haul trucks transport the ore to a processing plant for further treatment 

and the waste rock is sent to carefully designed dumps whiles materials to be rehandled is kept at 

stockpiles. 

The impact of technological advancements has revolutionized open-pit mining practices in many 

cases such as enhancing safety, efficiency, and environmental performance. The mining industry 

is seeing the integration of autonomous haul trucks, drills, and shovels to improve safety and 

productivity of open-pit operations. These technologies enable remote operation and real-time 

monitoring, reducing the risk of accidents and increasing equipment utilization. Geospatial 

technologies, such as Geographic Information Systems (GIS) and remote sensing, aid in mine 

planning, monitoring, and environmental management (Hustrulid et al., 2013).  

Figure 3 is provided to illustrate some important concepts in open pit mining. The image describes 

some items and terminologies from an existing mine. Above the pit on the far end is a dump site 

(D) for waste materials from the pits mined. This operation has an initial pit (PHD) which is 

expanded on the top left of the picture by a pushback (PHE), an extension of the pit starting a few 

years after the initial pit. Pushbacks in open-pit mining operations helps to maximize the extraction 

of ore from the deposit while minimizing waste removal. Carefully planning pushback sequences 
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ensure that mining operations are run smoothly by enabling efficient ore extraction, transportation, 

and processing, reducing downtime and operational costs, and ultimately enhancing the economic 

viability of the deposit. Provided access ramps and mine scheduling can be coordinated, a 

pushback can extend all-round the pit.  

The bench height (C) in this operation is 13.3m. The final wall (B) on the left which is the height 

of two benches is bolstered by a catch bench (E) to provide some safety and stability to the final 

wall. New blast holes are being drilled by the drills (G) to expand the bottom bench further. Drill 

cuttings from the completed holes, which will be sampled and assayed for grade control, are shown 

beside the drill and behind the spill material (H) from the previous blast. Shovel (F) is cleaning up 

the last of the bench above the bottom whiles a second shovel is placed to dig blasted material in 

(PHE). The long-range planner co-ordinates pushbacks to ensure safe extraction of lower materials 

without the risk of spillage onto the ramps from higher pushbacks; and second, ensures the 

availability of both ore (from the initial pit, PHD) and waste from the pushback (PHE).  

The chain of operations in mining is typically divided into two integral divisions: the mine division 

and the process (mill) division. The mine division encompasses activities related to drilling, 

controlled blasting, material loading, hauling, de-watering, and mine engineering for infrastructure 

and safety planning. On the other hand, the process division concentrates on refining the extracted 

materials, with responsibilities spanning process engineering, primary and secondary crushing, 

mineral concentration and assay analysis (Grewal, 2018). Within the processing facility, 

concentration techniques such as flotation or gravity separation are employed to separate valuable 

minerals from the ore. The final stages involve chemical processes like leaching, solvent 

extraction, and electrowinning to extract the metal from the ore. The refined product is then loaded 

for distribution or sale, completing the comprehensive journey of metal recovery from mined ore. 
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This structured organizational framework ensures a cohesive and efficient approach to the 

extraction and processing of valuable resources in the mining sector. 

2.2 Open Pit Mine Planning and Design 

The purpose of mine planning is to maximize revenue from resource recovery and ensuring 

sustainability. Planning can be carried out for a wide range of time frames from the very short (the 

next shift of mining activities) to the very long (over a ten-year period or the complete life of the 

mine) depending on the timeframe imposed on the project. 

2.2.1 Long Range Planning 

Although the main emphasis of this thesis is premised in the context of short range mine planning, 

one needs to understand the complexities of working with a long range mine plan. This section 

provides a brief review of the long-term planning process and demonstrates its relevance during 

the development of the short-range plan. Long range planning is about maximizing the value of 

the mine to the company. An excellent long-term mine plan involves making good decisions in pit 

design, mine sequencing, production rate, ore selection, and mining method (Whittle, 2011). This 

multifaceted process extends beyond immediate mining activities, focusing on multi-year 

strategies that encompass geological assessments, infrastructure planning, environmental 

considerations, and financial forecasting. 
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Figure 3: Open pit mining operation. 



мп 
 

Long-range mine planning begins with a geological assessment where geologists and mining 

engineers collaborate to calculate the economically recoverable portion of the mineral deposit in 

order determine the mine's potential life and economic viability. This allows the creation of a 

comprehensive resource model. The model provides insights into the ore body's shape, size, and 

mineral content, serving as the bedrock of the planning process.  

One of the primary goals of long-range mine planning is the determination of the optimal pit limit 

and pit design. The pit design seeks to strike a delicate balance between maximizing ore recovery 

and minimizing waste rock removal. It is a multidimensional task that incorporates the geological 

data, resource estimations, and economic factors (Abdeljalil, 2013). Schedulers and planners then 

create detailed mining schedules that span several years. These schedules dictate the sequence of 

ore extraction and waste disposal, ensuring a smooth and efficient mining operation. Within the 

open pit, benches (horizontal levels) are designed to offer safe working surfaces for mining 

operations.  

In long range planning, certain assumptions are made regarding variables such as metal prices, 

operational costs, overall wall slope angles, ramp access, and mineral content (Dragana Niġiĺ et 

al., 2018). These assumptions are subject to change as the mine unfolds, and this allow planners 

reevaluate and modify several critical aspects of the operation, including push-back design, mining 

sequence, cut-off grade strategies, extraction rates, and ongoing equipment requirements. This 

flexibility is essential for responding to the effects of shifting metal prices, embracing new 

technologies, retiring, or acquiring equipment, and adapting to the evolving demands of the mining 

industry (Hustrulid et al., 2013). Long-term mine planning, therefore, serves as a vital process for 

optimizing the value and sustainability of mining operations amid a dynamic and ever-changing 

environment. 
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The overall process can be summarized in the steps below. Figure 4 also captures most of the 

important steps. 

1. Resource Model and Geology: Commencing the process, an updated resource 

model detailing ore grades across various locations and bench levels is received 

from the geology and mine planning departments. 

2. Geotechnical Input: Slope guidelines provided by the geotechnical staff become 

integral in shaping the mine plan. These guidelines inform critical decisions related 

to pit slope angles and stability. 

3. Economic Model: A long-range economic model is then crafted. This model 

considers numerous financial factors and cost considerations, serving as the 

financial framework for the plan. 

4. Pit Optimization: Employing advanced algorithms like the Lerchôs Grossmann (L-

G) optimizer, the ultimate pit limits are determined. The optimization process 

maximizes net undiscounted profit from the resource recovery while adhering to 

economic constraints. 

5. Shell Design: To guide the design of subsequent pushbacks, incremental product 

price increases are applied which results in the creation of nested "shells" that 

delineate the boundaries for future pit expansions. 

6. Pushback Design: Designing the pushbacks involves creating ramps or access 

points from the current topography to the ultimate pit limits. This step is essential 

for the efficient extraction of ore while maintaining safe working conditions. 
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7. Life of Mine Schedule: Provides the sequencing of mining activities over the entire 

mine-life. This schedule aligns with the economic model and optimization 

outcomes. 

8. Dump and Stockpile Design: Considering the topographical considerations, the 

design of waste dumps and ore stockpiles is undertaken. These storage facilities 

must have adequate capacities to manage materials efficiently. 

9. Equipment Requirements: An assessment of equipment needs is conducted to 

ensure that the necessary machinery and tools are available to execute the mine plan 

effectively. 

10. Financial Evaluation: The culmination of the process involves the formulation of 

the life of mine plan, complete with detailed cash flow projections and discounted 

cash flows.  

 

 

Figure 4: Long range mine planning process (Abdeljalil, 2013). 
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2.2.2 Short Range Planning 

Short-range mine planning bridges the strategic vision of long-range planning with the practical, 

day-to-day tasks of extracting the ore. The process unfolds over a timeline of days, weeks, and a 

few months, yet its impact reaches far beyond its immediate timeframe. Short-range mine planners 

make decision regarding where and when resources will be extracted, how to ensure safety, 

environmental compliance, and adaptability to unforeseen challenges. In a mining world where 

day-to-day operations don't neatly align with the long-term plan, short range planning helps bridge 

this gap (Hustrulid et al., 2013; Le, 1992).  

The short-term mine planning process shares similarities with long-term planning but is 

characterized by a higher degree of certainty in predicting ore grades, their quantities, values, and 

the availability of waste material at the required stripping ratio (Silva-J¼nior et al., 2023). This 

enhanced accuracy is achieved through ongoing monitoring of blast-hole drill cuttings assays and 

continuous geological interpretation, providing more frequent insights into the ore and waste 

distribution within the mining area. One distinctive feature of short-term planning is its constant 

access to up-to-date information regarding the operational aspects of the mine. This includes a 

comprehensive understanding of equipment availability, the operational status of crushers, and a 

keen awareness of repair needs, ensuring that the production machinery is functioning optimally.  

In short range planning, a vigilant eye is kept on the state of pit wall stability, a continuous 

assessment of the structural integrity of the mining pit walls and implementing mitigation measures 

as needed. In parallel, routine pit dewatering activities are closely monitored to prevent water-

related disruptions to mining operations. Another essential aspect of short-term mine planning is 

its forward-looking perspective. This process typically looks ahead by about a month, enabling the 

preparation and coordination of critical activities such as drill and shovel movements. This 
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forward-thinking approach ensures that resources are allocated efficiently and that mine operations 

are executed with precision, minimizing downtime, and enhancing overall productivity. 

While blast holes are primarily drilled to facilitate loading and explosive blasting in short range 

planning, a small fraction of the material, ranging from one (1) to thirty (30) kilogram, from each 

hole, is routinely subjected to assay analysis (Esbensen & Wagner, 2015; Rosa & Thornton, 2011). 

The assay results obtained from this sampled material play a pivotal role in the mining operation, 

particularly in the context of grade control and short-term planning. These results are used by grade 

control geologists to determine the layout of ore, stockpile, and waste materials on the mining site. 

Essentially, these assay results provide the necessary data to demarcate where valuable ore should 

be extracted, where waste material should be deposited, and where ore stockpiles should be 

strategically placed (Minnitt, 2018). 

The integration of technology has transformed the mining industry, making short-term mine 

planning more data-driven, efficient, and adaptable. It ensures that mining operations can be 

conducted with accuracy and reduces potential pitfalls, thus contributing to the industry's progress 

and sustainability. This technological advancement further benefits the processing plant by 

providing early notifications of impurities in the ore, such as lead or softer altered rock. This 

information is critical as it impacts various aspects, including mill throughput, product quality for 

sale, recovery rates, and reagent use (Parker, 2012). In essence, these technological tools foster 

precision, proactive maintenance, and robust communication between the various components of 

the mining operation, enhancing efficiency and ensuring the smooth execution of plans. 

In summary, the steps in short-range mine planning can be outlined as follows: 
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1. Receive Detailed Blast-Hole Grade Plans: Start with receiving comprehensive plans that 

specify the distribution of ore, stockpile, and waste by location and bench within the mining 

operation. 

2. Verify Mined Ore Grades: Ensure that the ore grades meet the financial requirements of 

the mining operation to maintain profitability. 

3. Develop Digging Plans for Stripping Ratios: Create digging plans that align with the 

desired stripping ratios to optimize the balance between ore and waste extraction. 

4. Optimize Shovel Movements: Plan digging operations to minimize shovel movements, 

enhancing operational efficiency by conserving time and resources. 

5. Plan Drill Hole Locations: Precisely plan the location of drill holes for each blast to ensure 

optimal fragmentation and ore extraction. 

6. Scheduled Equipment Maintenance and Dewatering: Plan and schedule maintenance for 

key equipment, such as shovels, drills, and crushers. Additionally, manage dewatering 

operations efficiently. 

7. Consider Pit Wall Stability and Prepare for Breakdowns: Account for pit wall stability to 

ensure safety and access to "safe" ore. Prepare for potential equipment breakdowns by 

identifying rapid remobilization strategies, even in the face of future parts damage. These 

proactive measures help maintain operational continuity. 

 

In organizations where there is a medium-range planning team, they are responsible for developing 

multi-month to multi-year plans. They allocate resources, create production schedules, optimize 

costs, ensure environmental compliance, prioritize safety, adapt to market changes, manage 

community relations, plan infrastructure development, mitigate risks, and collaborate with short-

range planners and management to align operational goals with the overall mining strategy (P®rez 
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et al., 2017; Silva-J¼nior et al., 2023). In essence, they merge the short range and long-range 

planning efforts. 

2.3 Geological Uncertainty 

Geological uncertainty arises from the inherent complexities of the earth's subsurface. Mineral 

deposits are often irregularly distributed, influenced by geological structures, fault zones, and 

variations in ore grade. Mine planning relies on accurate geological data to determine the location 

and quantity of ore to be extracted, but this data is rarely perfect. Variability in rock properties, 

unanticipated geological structures, and inaccuracies in exploration data all contribute to this 

uncertainty (Abzalov, 2016). Areas of short-range planning that is often affected by geological 

uncertainties include resource allocation, safety risks and operational efficiencies. Ore 

reconciliation, dilution and ore loss are the main concerns for grade control. 

2.3.1 Impact on Short Range Planning 

2.3.1.1 Resource Allocation 

Resource Allocation is a pivotal aspect of short-range mine planning. Short-term planners face the 

complex task of determining where to allocate limited resources efficiently. They need to strike a 

balance between maximizing ore extraction and minimizing waste to optimize the mine's 

profitability. However, geological uncertainty introduces a layer of complexity. When planners are 

uncertain about the exact location or distribution of valuable ore, they may allocate mining 

equipment in suboptimal ways (Dowd, 2018). This could lead to wasted efforts, inefficient use of 

equipment and labor, and missed opportunities to access higher-grade ore. Ultimately, inaccurate 

geological data can result in substantial financial implications (Blom et al., 2018; Rossi & Deutsch, 

2014). 
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2.3.1.2 Safety Risks 

Safety Risks are a paramount concern in mining operations, and geological uncertainty can 

exacerbate this concern. Variability in geological conditions, such as the presence of fault zones or 

unstable rock structures, can result in unexpected and potentially hazardous situations for mine 

workers. These safety risks are not only a threat to human life but can also lead to equipment 

damage and operational disruptions. As such, identifying and mitigating these geological risks is 

a critical aspect of short-range planning. Planners need to consider the potential hazards that 

geological uncertainty can introduce and develop strategies to minimize these risks. This might 

involve additional safety measures, specialized training for personnel, or changes in work 

processes to enhance safety under uncertain geological conditions (Abdeljalil, 2013; Blom et al., 

2018; P®rez et al., 2017). 

2.3.1.3 Operational Efficiency 

Operational Efficiency is fundamental to the success of any mining operation. Short-range 

planners must continually adapt their plans to accommodate geological variations as they emerge. 

Geological uncertainty means that conditions can change rapidly. Sudden discoveries of 

unexpected geological features or abrupt shifts in ore quality can disrupt mining operations and 

compromise efficiency (Abzalov, 2016; Dowd, 2018). These changes may necessitate the 

reallocation of resources, adjustments to equipment, or modifications to the operational schedule. 

Inefficient responses to these variations can lead to downtime, increased costs, and reduced 

productivity (P®rez et al., 2017). To maintain operational efficiency in the face of geological 

uncertainty, short-range planners must be agile, ready to modify plans as new geological 

information becomes available and prepared to adapt to unforeseen challenges while minimizing 

disruptions. 
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Mitigating geological uncertainty in short-range planning is essential for the efficiency and 

profitability of mining operations. Miners employ several key strategies to address this challenge. 

Firstly, real-time data plays a pivotal role. Geological monitoring and continuous data collection, 

often through methods like drilling and sampling, provide a dynamic and up-to-date understanding 

of the subsurface conditions (Hustrulid et al., 2013; Silva-J¼nior et al., 2023). This real-time data 

is instrumental in adapting plans swiftly as geological conditions evolve. Secondly, geostatistical 

techniques are used to model and simulate geological uncertainty. These methods enable planners 

to develop more robust and accurate models of the subsurface, helping in decision-making 

processes like resource allocation. Lastly, the integration of specialized software packages tailored 

for the mining industry is vital. Software tools like Surpac and Datamine seamlessly integrate 

geological data into the planning process, enabling the creation of highly detailed and responsive 

plans. These plans can adapt to evolving geological conditions efficiently, enhancing the decision-

making capabilities of mining professionals. 

By implementing these strategies, mining operations can navigate and manage geological 

uncertainty effectively in their short-range planning. This not only enhances operational efficiency 

but also contributes to improved safety, sustainability, and overall profitability. 

2.3.2 Impact on Grade Control 

2.3.2.1 Ore Reconciliation 

Ore Reconciliation involves comparing the planned ore grades with the actual grades that are 

extracted. Geological uncertainty, which often stems from variations in ore quality, has a 

substantial impact on this process. When mining operations are planned, they are typically based 

on the assumption of certain ore grades at specific locations. However, the geological complexities 

of the deposit can lead to significant variations in these grades. These variations can be due to the 
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irregular distribution of valuable minerals, changes in rock properties, or the presence of geological 

structures that were not accurately mapped during the exploration phase (Abzalov, 2016; Rossi & 

Deutsch, 2014; Vasylchuk & Deutsch, 2018). The variations in ore quality often result in 

discrepancies between the planned and actual grades of ore. Such discrepancies can have 

significant financial implications. If the actual ore grades are higher than anticipated, it can lead to 

increased revenue due to the extraction of more valuable material. Conversely, if the grades are 

lower than expected, it can reduce the overall value of the extracted ore (Abuntori et al., 2021). 

This misalignment between planned and actual grades can directly affect the financial outcomes 

of the mining operation, potentially impacting profitability, and the return on investment. Accurate 

ore reconciliation is essential to ensure that the financial goals of the mining project are met. 

2.3.2.2 Dilution 

Dilution and Ore Loss are two related challenges that often result from geological inaccuracies 

and are two of the main issues grade control seeks to address. Dilution occurs when waste material 

is inadvertently mixed with valuable ore during the extraction process (Taylor, 1995). This dilution 

can reduce the overall ore grade, leading to lower revenue for the mining operation because of not 

accurately identifying the boundaries of the ore body (Vasylchuk, 2019). Even though mine 

engineers do their best to reduce this situation by accounting for it after blasting, it is a difficult 

factor to calculate as engineers do not know exactly how much waste is mixed with the ore as we 

mine. In most mining operations, dilution is computed for as the ratio of waste tonnage mined and 

sent for processing to the combined ore and waste tonnage milled. The following equation is the 

expression used for dilution: 

ὈὭὰόὸὭέὲ Ϸ  
   

      
 ρππ Ϸ (1) 
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There are two main sources of dilution (Rossi & Deutsch, 2014). The first kind, known as internal 

dilution, occurs when lower-grade material is unintentionally included within a higher-grade ore 

block during the mining process. This is mostly due to block averaging or change of support carried 

out to align the data with the desired output scale or to ensure smooth running of geostatistical 

analysis. However, this change in the block size alters the boundaries between high- and low-grade 

mineralization resulting in dilution. The larger the block size considered, the larger the amount of 

mixing of mineralization or internal dilution. The histogram in Figure 5 (a and b) shows the 

distribution when the mineral grade is predicted at a point and at block supports. Increasing the 

size of the sampled volume would result in greater material mixing within each sample. 

Consequently, if there are higher-grade veinlets, it would become blended with the lower-grade 

material that surrounds them. This could result in an alteration of the basic data statistics such as 

the mean grade and standard deviation. 

Operational (external) dilution is the dilution that occurs during the mining process. Mixing of 

materials is an inevitable consequence of mining equipment operation due to the inherent 

limitations in achieving precise dig lines, even with the aid of Global Positioning Systems (GPS). 

When the points of contact between ore and waste coincide with geological contact zones, the 

operational and contact dilution align. However, in most cases, the contact points between ore and 

waste established during mining are determined based on economic considerations, and they may 

not necessarily conform to geological contact zones. An additional factor contributing to dilution 

is the displacement of materials due to blast heave and movement, which disrupts the intended 

positions for mining and complicates the planned dig-lines. Considerable research has been 

dedicated to understanding this phenomenon, as evident in studies by (Adam & Thornton, 2004; 

Fitzgerald et al., 2011; Isaaks et al., 2014). However, it's important to note that only a limited 
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number of mining operations have made concerted efforts to precisely measure and incorporate 

blast heave into their mining processes.
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 (a) (b) 

Figure 5: Distribution of simulated Cu at point support (a) and block support (b)
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2.3.2.3 Ore Loss 

Dilution and ore loss are intricately related because any material lost in one context invariably 

contributes to dilution in another. In more specific terms, ore loss may refer to the failure to extract 

valuable ore due to inaccuracies in mining operations. For example, if the ore body's boundaries 

are not correctly defined, valuable ore may be left behind during the extraction process. This 

directly impacts profitability as it represents lost revenue. Both dilution and ore loss can 

significantly affect the economic viability of a mining operation. Ore loss and dilution can also 

result from misdirected material transport, where waste may inadvertently be sent to the processing 

mill or valuable ore may be mistakenly routed to waste disposal areas. While the implementation 

of control equipment like GPS and Truck Dispatch systems has lessened the occurrence of this 

error, the challenge of ensuring correct material destinations persists and can have substantial 

implications for mining operations (Abdeljalil, 2013; P®rez et al., 2017; Whittle, 2011). 

Mitigating these challenges involves careful planning, accurate geological modeling, and real-time 

data analysis. Implementing strategies to reduce dilution and ore loss and ensuring that ore 

reconciliation is accurately conducted are crucial for maintaining profitability and ensuring that 

the actual financial outcomes align with the project's economic goals. Accurate geological data 

and effective ore control practices are key to mitigating these financial risks in mining operations. 

2.4 Spatial Prediction for Grade Control 

Rock samples obtained from blast hole drills are valuable for understanding the ore grade 

distribution prior to blasting and excavation. While blastholes are positioned relatively close 

together, they do not fully sample the entire volume of a mine bench. Consequently, a method is 

required to predict grade values at unsampled locations. 
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In many open-pit mines, straightforward estimation methods like inverse distance and nearest 

neighbor assignment of grades are employed to construct grade control models. The nearest 

neighbor method associates the value of the nearest blasthole sample with each unsampled block. 

The inverse distance interpolation method estimates grade values by considering several nearby 

blasthole samples, providing a weighted average for each block. Despite the advantages of the 

inverse distance weighting method, it does not account for data configuration details or varying 

anisotropy at different scales. Kriging, a popular estimation method for grade control predictions, 

addresses these factors and theoretically minimizes estimation variance under specific 

assumptions. 

The following sections delve into the techniques for estimation in for grade control, examining the 

impact of locally varying geology, multivariate relationships between grade variables, and non-

linear profit considerations on decision-making processes. 

2.4.1 Methods for Grade Prediction 

Grade prediction is probably the most crucial aspect of grade control because it forms the basis for 

selecting ore and waste zones. The main purpose of prediction is to assign the grade of the variable 

at unsampled locations which is the premise for classification. Samples taken from blast holes are 

analyzed from which a quantitative model of the ore body is constructed by interpolating and 

extrapolating between these samples to account for the grade in areas that were not sampled. This 

is with the assumption that all the sample locations and the unsampled location belong to the same 

domain. There are various methods developed for performing grade prediction in grade control, 

however we only discuss the most common ones in the industry. 
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2.4.1.1 Nearest Neighbour (NN) method 

The nearest neighbor method is one of the simplest approaches to grade estimation. As a variant 

of the polygonal method, the nearest neighbor assigns the grade of the closest blast hole sample to 

the entire unsampled block (Vasylchuk, 2019). Since the weight of each sample is a key factor in 

estimating, the NN method determines the weight of the samples by assigning all the weights to 

the closest sample and every other sample gets a weight of zero. In relation to the cut-off grade, 

the NN method regards the estimation location as ore if the grade of the closest sample is larger 

than the cut-off grade. The value at the unsampled location is then calculated as shown in the 

equation below: 

ὤᶻ ό ‗ ‗ ὤό  

  ‗  
ρ
π
 
        ὭὪ ό Ὥί ὧὰέίὩίὸ ὸέ ό

έὸὬὩὶύὭίὩ
        Ὥ ρȟȣȟὲ (2) 

 

where ὤᶻ ό  is the nearest neighbor estimate at the unsampled location ό , ‗  is the nearest 

neighbor weights of the samples, and ‗   π. ὤό is the known grade of the samples Ὥ

ρȟȣȟὲ for which n is the total number of samples. 

One main strength of the nearest neighbour method is that it does not smooth estimated values 

(Kapageridis, 2014). However, study has shown that this method is not particularly accurate and 

cannot be trusted because it neither takes into account the spatial continuity of the grade nor the 

redundancy in the information (Ortiz, 2020). The discrepancies in this method is known to be 

larger that other estimators, and for many deposits that have positively skewed distributions, 

significant errors in the estimate occur in the individual blocks leading to proclivity to overestimate 
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the average grade and underestimate tonnage above cut-off (Rossi & Deutsch, 2014). Nonetheless 

the nearest neighbour method can be used as a checking tool. 

2.4.1.2 Inverse Distance Weighting (IDW) Method 

The inverse distance weighting technique is an enhancement of the classical polygonal methods, 

and is most suitable for uniform orebodies (Abuntori et al., 2021). This method is used to estimate 

grade values using several nearby blasthole sample grades to obtain a weighted average for each 

block as shown in Figure 6 The calculation of the estimate is shown below: 

ὤᶻ ό ‗ ὤό            Ὥ ρȟȣȟὲ (3) 

where ὤᶻ ό  is the inverse distance estimate at the unsampled location ό , ‗  is the 

inverse distance weight assigned to each known sample and ὤό  is the grade of each known 

sample for which  Ὥ ρȟȣȟὲ is the number of samples. In this scenario, the weights assigned to 

each sample are inversely proportional to the distance from estimation location and are calculated 

as shown in equation 4 below. Each sample is weighted based on its proximity to the location to 

be estimated. 

‗                                Ὥ ρȟȣȟὲ  (4) 

for which ‗  is the inverse distance weight of sample Ὥ, Ὠ  is the distance between the 

estimation location and sample Ὥ, ύ is the inverse distance weighting power and ὧ is a small 

constant for numerical stability or computational reasons. When the weighting power approaches 

zero, the weights become similar and is calculated as the arithmetic average of the samples 

(Abzalov, 2016). On the other hand, a larger weighting power assigns all the weight to the closest 
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sample making the inverse distance weight similar to the result of the polygonal nearest neighbor 

method (Ortiz, 2020). In practice, the most frequently used weighting power is two, however 

powers of 1 and 3 are also used for estimation. Even though the inverse distance weighting method 

provides better estimates than the nearest neighbor method, it does not account for the details of 

the data configuration or the varying anisotropy at different scales (Vasylchuk, 2019). 

 

    

 

 

 

 

  

 

 

2.4.1.3 Kriging-Based Estimation Method 

Geostatistics, developed in the early 1950s, forms the basis for kriging (Krige, 1951). The 

geostatistical concept provides the platform for describing and modelling the spatial continuities 

of the regionalised variables (in this case the grade values) and allows incorporation of the 

continuity factors into the regression techniques used for the spatial predictions (Abzalov, 2016). 

Kriging is a collection of generalized linear regression techniques based on calculating optimal 

weights that minimize the expected error variance or the estimation variance (Ortiz, 2020). It 

produces an estimate that is a weighted linear combination of the data, minimizes the estimation 

error, hence, it called the Best Linear Unbiased Estimator (BLUE).  

ᾀό  

Ὠ Ὠ ᾀό  

Ὠ 
ὤᶻ 

Ὠ 
ᾀό  

ᾀό  

Figure 6 Inverse Distance Weighting Method 
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Kriging-based grade control came to light in open pit mines during the 1980s (Deutsch et al., 

2000). Different types of kriging algorithms have been used in grade control, but most commonly 

ordinary kriging (OK) particularly in gold mines in Northern Nevada (Rossi & Deutsch, 2014). 

Other types of kriging have also been applied such as the indicator kriging and not too popular 

fuzzy kriging (Gonz§lez, 2012). Although not common, simple kriging (SK) has also been used to 

estimate but more often used as a checking tool. 

Ordinary kriging 

Ordinary kriging (OK) is a robust estimator which assumes that the local mean is unknown (unlike 

SK which assumes a known mean), but constant within the estimation neighborhood based on the 

quasi second order stationarity assumption (Ortiz, 2020). To guarantee global unbiasedness, OK 

constrains the sum of the weights to be 1.0, and as a result the mean does not need to be known 

(Abuntori et al., 2021). The weights used in kriging directly depend on the choice of a variogram 

model for the data set. The variogram model, which is a prerequisite, enables the kriging algorithm 

to obtain insight on the anisotropy in the grade distribution. The ordinary kriging estimate is 

summarized in the equation below. 

  ὕὶὨὭὲὥὶώ ὯὶὭὫὭὲὫ ὩίὸὭάὥὸέὶȟὤᶻ ό ‗ ὤό  (5) 

where ὤᶻ ό  is the ordinary kriging value at the unsampled location ό , ‗  the weight 

assigned to each known sample ό, and ὤό is the grade of each known sample Ὥ for which  

Ὥ πȟȣȟὲ are the total number of samples. The kriging variance which measures the quality of 

the estimation is given by:  

 ὕὶὨὭὲὥὶώ ὯὶὭὫὭὲὫ ὺὥὶὭὥὲὧὩȟ„ ό „ ‗ ὅ ‘ (6) 
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where „ ό  is the kriging variance at the estimation location ό , „ is the variance of the 

distribution, ‗  is the weight assigned to the known sample Ὥ, ὅ is the covariance between 

sample Ὥ and the estimation location ό , and ‘  is an additional parameter to impose unbiasedness 

in ordinary kriging when finding the optimum weights. Other variants of the kriging method which 

have proven successful in many operations such as the Breakeven Indicator Method (BEI) 

(Vasylchuk, 2016). The BEI grade control method is a blend of both indicator and grade kriging. 

It uses an ore/waste indicator variable to predict the probability of ore occurrence at a given 

location (Rossi & Deutsch, 2014). The indicator variable is then used to define ore or waste 

probability of the estimated location based on the grade of the blast holes, and the expected revenue 

is determined. This method was used in copper-molybdenum Ujina open-pit in Chile, together with 

the classical inverse distance weighting method and the results are compared to a reference model. 

The BEI showed a better performance than IDW and a summary of the results is shown in 

subsequent sections.  

Kriging proves valuable in predicting grades by offering locally accurate estimates. However, the 

approach of estimating through the minimization of estimation variance may not be optimal for 

grade control (Srivastava, 1987). This is because it prioritizes local accuracy without considering 

broader factors that influence the overall control of ore grades in the entire domain. Minimizing 

variance in local estimates can lead to overfitting to specific data points, making the model less 

robust and potentially less effective in capturing the true variability of ore grades on a larger scale. 

Therefore, a more comprehensive and balanced approach is often required for effective grade 

control in mining operations. (Rossi & Deutsch, 2014) recounts that kriging has been only slightly 

more successful at grade control compared to the other classical methods because of the inherent 

smoothing and the inability to quantify the spatial uncertainty as shown in Figure 7.  
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Figure 7: Smoothing effect of kriging. 

 

2.4.1.4 Simulation-Based Method 

The use of simulation as a predicting tool has been a cutting-edge method in grade control. The 

commonest simulation method used to model the realistic variability of a deposit is the Sequential 

Gaussian Simulation (SGSIM) (Vasylchuk & Deutsch, 2018). This method assigns grade to blocks 

and also takes into account the uncertainty in the grade distribution that can be later used for 

assessing economic consequences of grade control decisions, a feature lacked by the traditional 

estimation methods (Vasylchuk, 2019). The grade assignment process involves a series of steps 

such as data de-clustering, normal score transformation of de-clustered data, simulating a value 

for the conditional distribution and back-transforming simulated values. The simulation process 

returns a range of probable values from a conditional cumulative distribution function (cdf) as 

shown in the equation below: 

ὊόȠᾀȿὲ ὖὶέὦὤό ᾀȿὲ   (7) 

where ὊόȠᾀȿὲ  is the cumulative frequency distribution curve, ὤό accounts for the 

uncertainty in the unknown true value, and ὲ represents local conditioning blast hole data within 

the specific neighborhood of location όȢ 
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To assess the probability of ore and probability of waste and assess the revenue if each block is 

classified as ore or waste based on all the realizations, simulation-based methods incorporate 

certain optimization algorithms such as minimum loss and maximum profit functionsô (Deutsch et 

al., 2000; Dimitrakopoulos & Godoy, 2014; Vasylchuk, 2016). Moreover, the economic 

consequences of sending ore to the waste dump is different from sending waste to the mill, hence 

an optimal selection criterion is needed to account for these asymmetric economic impacts through 

the optimization algorithms that simulation provides. The application of the economic 

classification functions for grade control does not only account for the penalties of each decision, 

but also provide essential information for non-linear metal recoveries or any other geo-

metallurgical attribute of interest by adopting the economic functions (Wambeke & Benndorf, 

2017).  

The minimum expected loss method consists of computing the expected loss associated with each 

classification and selecting the classification for which the expected loss is minimal. Several 

mathematical expressions have been provided by different authors for the óminimum lossô 

function, but for the purposes of subsequent comparison, a simplified  version of the loss function 

by (Vasylchuk, 2016) is presented below as shown in equation 8. 

ὝὬὩ ὰέίί ὪόὲὧὸὭέὲȟὫόȠᾀȟᾀ

πȟ                     Ὢέὶ ὥ ὧέὶὶὩὧὸ ὨὩὧὭίὭέὲ

ᾀό ᾀ ὦȟ    Ὢέὶ ὥὲ ὭὲὧέὶὶὩὧὸ ύὥίὸὩ ὨὩὧὭίὭέὲ          

ᾀ ᾀό ὦȟ            Ὢέὶ ὥὲ ὭὲὧέὶὶὩὧὸ έὶὩ ὨὩὧὭίὭέὲ

    

(8) 

Hence,  

ὸὬὩ ὉὼὴὩὧὸὩὨ ὰέίί ὨὩὧὭίὭέὲὉὫόȠὤȟᾀ                                                       
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where ὫόȠὤȟᾀ represent the loss function, ὉὫόȠὤȟᾀ  is the expected loss over multiple 

realizations at location ό, ᾀ is the cut-off grade, ᾀό is the simulated grade value at location 

ό, ὦ and ὦ are the penalty coefficients for underestimating and overestimating respectively. 

For instance, a block will be selected as ore if the expected loss for mining the block as ore is less 

than the expected loss for mining it as waste. 

Similarly for maximum profit function, a block will be selected as ore if the expected profit for 

mining the block as ore exceeds the expected profit for mining it as waste, and vice versa. More 

information on concept of minimum expected loss or maximum profit as a basis for classification 

decisions can be found in (Rossi & Deutsch, 2014; Vasylchuk, 2016; Verly, 2005; Wambeke & 

Benndorf, 2017). 

2.4.1.5 Machine Learning Method 

Technological advancements in recent years have enabled computers to process enormous amounts 

of information within the shortest possible time. Machine learning algorithms (MLA) are a 

collection of advanced statistical methods empowered by high-level computers to provide 

flexibility and simplicity when integrating and recognizing complicated patterns in data, which is 

an arduous task with linear geostatistical workflows. Machine learning is already incorporated to 

solve Earth Sciences problems (J. L. Deutsch et al., 2016) but is not fully integrated into the 

geometallurgical workflows that model and optimize the processes leading to the extraction and 

recovery of minerals and metals (Ortiz, 2019). As far as this review is concerned, the application 

of machine learning methods for grade assignment and classification in grade control is a novel 

enterprise with not too many applications. ML algorithms such as Artificial Neural Networks have 

been used for mineral resource estimation (Abuntori et al., 2021) but have not been explored in 
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grade control. The application of ML is to enhance the accuracy of predicted grade values, and to 

make better decisions concerning the classification of mined material. 

A recent work by (Da Silva et al., 2020) demonstrated the application of ensemble ML methods 

for grade control in the Carmen de Andacollo copper mine in Chile. Two algorithms were used in 

their work: Elliptical Radial Basis Function Network (ERBFN) and Support Vector Regression 

(SVR). The two ML algorithms are trained which was preceded by the tuning of their respective 

hyperparameters. For instance, the number of nodes that constitute a hidden layer in the network 

was defined for ERBFN. Once the nodes are defined, ERBFN algorithm trains the data and assigns 

a new networking system to each node to make grade predictions. The different predictions 

obtained are averaged to form a trend model which is further used as a secondary variable to assess 

the consequences of each grade control decision on an intrinsic collocated cokriging framework. 

Just as kriging, variogram models were generated and search parameters are defined.  

The Support Vector Classification is a powerful ML technique due to its ability to handle complex 

classification problems (Chalup & Mitschele, 2008). The name SVC is derived from the subset of 

training samples, known as support vectors, utilized in the decision function. In the case of a 

classification problem, which is been applied here, the support vectors optimize class margins to 

a maximum possible span. For a simple case, the mathematical algorithm behind its function can 

be summarised as:   

y(xn) = w
Tʬ(xn) + b                                         (9) 

Where xn is the training input from 1 to N number of inputs, y(xn) is the target class, ʬ (xn) is a 

fixed transformation function of x (also known as the kernel function), wT is a coefficient vector 

which is maximizing the distance between two classes and b is the parameter to control the bias 
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(Bishop, 2006). SVM approximate best values to the unknowns, wT and b, to maximize the margins 

of the boundary. Hard classification mostly involves linearly separable classes; however, most real 

case scenarios such as used in this study, are non-linear. The kernel function ʬ(xn) help us to 

comprehend the non-linear nature of our data by adding more features to the sample space to make 

them more separable. Most popular kernel functions are shown in Table 1. The radial basis function 

was used in this study because of its high generalization performance.  

Table 1: Types of kernel functions. 

Kernel type Function 

Linear kernel Ὧ (ὼ, ὼ ǋ) = ὼT ὼ ǋ 

Polynomial kernel Ὧ (ὼ, ὼ ǋ) = (ὼT ὼ ǋ + ὶ) d  

Radial basis function Ὧ (ὼ, ὼ ǋ) = Ὡ (ī‎ớὼīὼ ǋớ^2) 

Sigmoid kernel Ὧ (ὼ, ὼ ǋ) = tanh (‎ (ὼT ὼ ǋ) + ὶ)  

 

Where ὼT ὼ ǋ denotes the boundary decision, d for degree, Ὕ is a range of values from 0 to 1. When 

d equals 1 in polynomial kernel, it becomes linear kernel. Increasing d can be considered as 

increasing the amount of feature space in the training process. If d approximates to Ð, polynomial 

kernel approximates to radial basis function.  

The data is divided into a training, validation, and test dataset. Different reference models are 

defined from which predictions are generated for the validation set. The predicted values and the 

blasthole values are then fed into a trained meta model from these pair of values, and then final 

grade predictions are made. Just like ERBFN, the SVC algorithm optimizes the best scenario for 
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ore and waste by using the final predicted model in a collocated cokriging framework. Finally, 

based on a break-even cut-off grade defined by the mine operations, the destination of each 

material is determined. Details of this work can be found in (Da Silva et al., 2020). 

2.5 Ore and Waste Delineation 

Traditionally, in open-pit mining operations, discrimination of ore and waste materials in grade 

control is relied on a straightforward approach of comparing estimated grades with an economic 

cut-off threshold (Verly, 2005). Grades of minerals within the deposit are predicted based on 

geological data, drilling results, and sampling from the mining area using any of the prediction 

methods described in the previous section. These estimates provided insights into the expected 

quality of the material. An economic cut-off grade is a critical threshold that delineates whether a 

particular section of the deposit is considered valuable ore or non-valuable waste. This cut-off 

grade is determined by various factors, including the cost of mining, processing, and market prices 

for the minerals being extracted. The determination of cut-off grades is further described in the 

next section.  

The estimated grades of the material in the pit are compared to the economic cut-off grade. If the 

estimated grade is above this cut-off, it is considered ore and worthy of extraction. If the grade 

falls below the cut-off, it is classified as waste and typically not extracted. The focus is on 

selectively extracting the ore with grades exceeding the cut-off, while minimizing the removal of 

low-grade or waste material to optimize resource recovery and economic viability (C. V. Deutsch 

et al., 2000). 

While this traditional approach provided a straightforward means of grade control and delineation, 

it had limitations. It often did not account for the spatial variability of grades within the deposit, 

and as a result, it could lead to ore loss or dilution (Dimitrakopoulos & Godoy, 2014; Wambeke & 
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Benndorf, 2017). In recent years, advancements in technology and geostatistical methods have 

allowed mining operations to implement more sophisticated approaches to grade control and 

ore/waste delineation. These methods consider the spatial complexity of ore bodies and provide 

more accurate estimations, leading to improved resource recovery and profitability. Recent work 

in this area has shown the delineation of ore and waste materials taking into account financial 

indicators through certain economic classification functions in combination with grade uncertainty 

assessment (Dimitrakopoulos & Godoy, 2014). Grade uncertainty is evaluated by employing 

numerous grade realizations generated through geostatistical or stochastic simulations. The 

process of selecting ore and waste is closely linked to and informed by the assessment of the 

economic ramifications associated with sending a block of extracted material either to the 

processing facility or to the waste dump. These considerations encompass the asymmetric financial 

consequences that result from such decisions. These functions though proven beneficial to grade 

control has not seen a widespread application in the industry probably due to the complexity of its 

economic calculations. 

2.6 Cut-off Grades Determination 

Cut-Off grade is the minimum grade required for a mineral or metal to be economically mined (or 

processed). Material surpassing this grade is designated as ore, while material falling below it is 

categorized as waste. Typically, the cut-off grade is expressed in units such as grams per tonne 

(g/t), dollars per tonne ($/t), or as a percentage of the metal content. 

Various methods can be employed to determine the cut-off grade, each varying in complexity. The 

selection of cut-off grades is driven by specific objectives, such as optimizing resource utilization 

or maximizing economic benefits. These objectives can be further refined to achieve specific goals, 

including total profit maximization, immediate profit, and present value. It is essential to 
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understand that the cut-off grade is not a fixed, definitive value; instead, it serves as a strategic 

variable with significant implications for mine design (Minnitt, 2004). The cut-off grade is a 

dynamic parameter: it is adaptable and evolves in response to shifts in the economic landscape, 

such as fluctuations in metal prices and mining costs (Rendu, 2008). While the value of the metal 

plays a vital role in determining the profitability of a block, other factors, including the presence 

of undesired or potentially hazardous substances within a block, can affect processing costs. These 

considerations also influence the classification of waste rock and ore. 

2.6.1 Break-even and internal method 

The simplest approach to determine the cut-off grade is the break-even and internal method. This 

method is straightforward, requiring minimal background information, making it suitable for initial 

project planning. It serves as an effective starting point. However, it has limitations when used in 

the long term, as it does not consider factors like production capacity and discount rates (Minnitt, 

2004). The internal cut-off grade assesses whether a block should be mined and sent to the mill. In 

contrast, the break-even cut-off grade categorizes material as ore or waste based on whether mining 

is necessary or can be disregarded, respectively. While the break-even and internal method is a 

valuable initial estimate, it may not fully account for the complexities and evolving parameters 

that come into play as a project progresses. The break-even cut-off grade can be calculated by 

using equation 10. By disregarding the mining cost, the formula is modified to calculate the 

internal cut-off grade.  

Ὃ
 

  (10) 

Where: G is the cut-off grade; c is the cost of processing ore; mo is the cost of mining ore; mw is 

the cost of mining waste; y is the metal recovery; s is the commodity price and r is the refinery cost. 
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While these cut-off grades offer a quick means of distinguishing between ore and waste, it not 

advisory to solely depend on them in a more comprehensive examination. 

2.6.2 Laneôs Method 

Ken Lane introduced Lane's Method in 1988, identifying three distinct stages for cut-off grade 

application: mining, concentrating, and processing. He linked these stages with the concept of Net 

Present Value (NPV) to create a more precise and intricate approach to cut-off grade determination 

aimed at maximizing the present value (Githiria et al., 2016; Rendu, 2008). Lane's method, while 

providing a highly accurate calculation of cut-off grade, demands a greater volume of information 

and is typically not the initial choice for preliminary assessments. 

Although Lane's Method yields numerous intermediate grades, it ultimately culminates in a 

singular output: the optimum cut-off grade. This optimal grade, aimed at maximizing NPV, offers 

the advantage of factoring in variables such as discount rates and process capacities. However, it 

is crucial to acknowledge that these inputs can vary. During the early project design phases, 

production rates and concentrator capacities remain undetermined, making Lane's Method 

particularly accurate and effective during the operational phase of the project (Githiria et al., 2016). 

In total, six cut-off grades are selected for all stages of the mining operation. The first three are 

limiting cut-off grades, which come into play when one stage within the mining system acts as the 

limiting factor for the entire operation, mostly involving mining, concentration and refining or 

sales. The determination of these cut-off grades is influenced by both pricing and operational costs. 

However, they are indirectly affected by the distribution of grades within the deposit. The second 

category encompasses three balancing cut-off grades, primarily focused on harmonizing the 

capacities of paired stages in the mining process. From these six distinct cut-off grades, a selection 

process is employed to identify the optimum cut-off grade. The chosen optimum cut-off grade then 
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becomes a central element in the calculations for yearly profits and the Net Present Value, crucial 

for financial evaluation. Details of the criteria for the selection can be found in (Githiria et al., 

2016). Parameters utilized include ore recovery, concentrator capacity, refining capacity, fixed 

costs, sale price, concentrator costs, refining costs, present value, and discount rates.  

2.6.3 The Grade Tonnage Curve 

Grade-tonnage curves serve as a visual tool to illustrate how variations in cut-off grades impact 

the mineral reserves of a deposit. These curves depict the quantity of material above a specific cut-

off grade and the average grade of the deposit concerning this chosen threshold. When the criteria 

for categorizing material as ore become more stringent and selective, the tonnage of material 

meeting or exceeding the cut-off grade decreases. Conversely, lowering the cut-off grade results 

in an increase in the total tonnage of the deposit because the standards for distinguishing between 

ore and waste become less restrictive. As the cut-off grade is raised, the average grade of the ore 

that is extracted also increases. The curve essentially demonstrates the interdependency between 

the chosen cut-off grade and the average grade and tonnage of the material directed to a particular 

processing stage. 
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Figure 8: Grade Tonnage curve (Ortiz, 2023). 

 

In the grade tonnage curve shown in Figure 8 we have the cut-off grade in the horizontal axis. For 

given cut-off grade (Xc), the tonnage above that cut-off grade (T+c) can determined on the left 

vertical axis and the average grade above the cut-off grade (X+c) on the right. The revenue 

generated by selling the metal can be calculated by using the equation below: 

ὙὩὺὩὲόὩὝ ὢ ὶ ὠ   (11) 

Where r is the metal recovery and V, the price of metal or commodity being sold. A notable 

limitation associated with grade-tonnage curves is their failure to account for the geological 

continuity. In other words, these curves do not differentiate the data based on the specific location 

within the mineralized section where it was recorded. Also, this is a gross revenue and does not 

account for other discounts such as smelting cost.  

2.7 Calculation of Block Value 

Geological information acquired through exploration activities and blasthole drills serve as the 

basis for constructing a three-dimensional (3D) block model representing the mineral deposit, 
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commonly known as a geological block model. This 3D block model is typically partitioned into 

uniform blocks in the x, y, and z dimensions. It provides a technical framework that underpins the 

estimation of the finite Mineral Resources present within the mineral deposit. The block model 

plays a central role in various mine design and planning processes. These processes encompass 

critical decisions such as selecting the mining method, designing the mine layout, determining 

production rates, choosing equipment, and establishing production schedules. 

Every block within the geological block model is characterized by distinct geological attributes, 

including grade, volume, density, and lithology. These geological characteristics, in conjunction 

with technical and economic considerations like commodity pricing, mining expenses, processing 

costs, and mineral recovery rates, are subsequently employed to compute the economic worth of 

each block (Tholana & Musingwini, 2022). The economic value of each block is calculated using 

the equation below. 

║■▫╬▓ ○╪■◊▄ὄὰέὧὯ ὸέὲὲὥὫὩ  ὫὶὥὨὩ  ὶὩὧέὺὩὶώ ὶὥὸὩ άὩὸὥὰ ὴὶὭὧὩ

 ὓὭὲὭὲὫ ὧέίὸ  ὖὶέὧὩίίὭὲὫ ὧέίὸ    

(12) 

The process of determining blockôs value transforms a geological block model into an economic 

block model. When a specific set of input parameters is employed, the block value differentiates 

between blocks deemed economically viable and those considered unviable. A block is considered 

suitable for mining if its economic value is positive, while it is considered unviable if the economic 

value is negative. 

 

 



пс 
 

Chapter 3 

Methodology 

This chapter outlines the workflow for developing the grade control models analyzed in the case 

studies described in the next chapter. The analysis encompasses the application of two distinct 

grade control methods. The first method employs an ordinary kriging estimation approach, 

discriminating ore from waste by applying a threshold value to the estimated grade model. Grades 

exceeding the threshold are classified as ore, while those falling below as waste. The second grade 

control method introduces a novel workflow that employs a supervised machine learning algorithm 

to classify ore and waste. The model undergoes training with seventy percent (70%) of the data, 

and the remaining thirty percent (30%) are reserved for testing. A comparative analysis is 

conducted between both methods and a reference (ground truth) model generated through 

sequential Gaussian simulation (sgsim).  

In the sections that follow, the workflow is divided into three as summarized in Figure 9. The 

initial section, section 3.1 delves into the exploration data analysis (EDA). Following that, section 

3.2 introduces the development of the reference (ground truth) grade control model against which 

other grade control methods are benchmarked. Section 3.3 outlines the data pre-processing 

procedures employed including the impact assessment of sampling errors. The ordinary kriging 

method for grade control based on current industrial practice is expounded in Section 3.4, while 

Section 3.5 details the creation of the support vector machine (SVC) model utilized for grade 

control. The evaluation of these models is discussed in Section 3.6, and the subsequent Section 3.7 

provides insights into the computation of the block economic value.  
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The simulation and kriging models are constructed utilizing the geostatistical software library 

(GSLIB) developed by  (Deutsch & Journel, 1998), executed through the Windows command 

prompt and Anaconda Jupyter notebooks. Additionally, the support vector machine (SVC) model 

is developed using Anaconda Jupyter notebooks. 

 

 

Figure 9: Summary of methodology. 

 

3.1 Exploration Data Analysis 

Data analysis forms an essential part of this study, employing the Jupyter Notebook web 

application with Python 3.6.5 installed via Anaconda. The processing system consists of an AMD 

Ryzen 5 3600 6-Core Processor operating at 3.60 GHz, complemented by 16.0GB RAM, and runs 

on Windows 10 (64-bit). In the first case study, five well-informed benches are chosen for analysis. 

In contrast, the second case study focuses on an in-depth examination of a singular well-informed 

bench. Summary statistics, histograms, and probability plots are generated for each selected bench. 

The mean, standard deviation and inter-quartile range of the variables are visualized, and outliers 
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are eliminated. Outliers in this dataset represent blast holes that lie outside the benches at an 

abnormal distance from most of the data. This could represent road works outside the pit and hence 

were removed. Also, the use both scatter plots and box plots reveal that a cluster of the samples lie 

far from the bulk of the data. The presence of these outliers skews the results and distort the overall 

interpretation of data and therefore were eliminated. Both two and three dimensional (2D and 3D) 

spatial view of the entire blasthole samples of each bench selected for analysis are also plotted.  

3.2 Creation of Reference Model 

Sequential gaussian simulation (sgsim) at a point support is used in the creation of the reference 

model for each selected bench. This is followed by change of support and the application of a cut-

off grade. Creating a reference model using Sequential Gaussian Simulation (sgsim) involves 

generating a synthetic realization conditioned by the blasthole data based on its statistical 

properties and conditioning data.  

3.2.1 De-clustering 

Prior to simulation, the data is de-clustered after exploration data analysis to obtain an unbiased 

reference distribution. Due to the preferential sampling in the high-grade areas of the deposit, there 

is a high likelihood of spatial bias introduction into the true distribution of the variable. Hence it 

is necessary to de-cluster to obtain a representative distribution for the forward and backward 

transformation of the data to normal scores.  
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Figure 10: Cell de-clustering with eleven data and six occupied cells (Deutsch, 2015). 

 

A range of cell sizes from five (5) to thirty (30) is chosen to assist in the selection of an optimal 

cell size. Cell de-clustering usually involves defining a grid of cells and assigning an equal weight 

to each informed cell such that in each cell, the samples found share the total weight of the cell 

uniformly. The ideal cell size is the spacing of the data in the sparsely sampled areas. However, 

due to the uncertainty surrounding the exact value, a range of cell sizes is considered to help 

selecting the right size (Deutsch, 2015). The geostatistical library utilized is the declus program 

which makes use of sample coordinates and variable type to de-cluster. Details of the parameter 

file for declus are presented in the appendix. The concept of cell de-clustering is presented in 

Figure 10.  

3.2.1 Normal scores transformation 

Another pre-processing step to simulation is transforming the data to normal scores. This converts 

the distribution of the data into a standard normal distribution with a mean of 0 and a standard 

deviation of 1. Sgsim assumes data normality hence the transformation renders the data amenable 
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to the approach. Initially, the data is ranked from the lowest to highest, and the percentile associated 

with each data point is calculated, then from percentiles to normal scores (Deutsch et al., 2018; 

Devore & Berk, 2012). The nscore library is utilized for the transformation and parameter file 

details are presented in the appendix. Equation 13 illustrates the rationale behind the normal scores 

transform. 

Yi = ū
ï1 (Pi)   (13) 

Where: 

¶ Yi is the normal score for data point (sample location). 

¶ ūī1 is the quantile function of the standard normal distribution. 

¶ Pi is the percentile associated with data point. 

 

3.2.1 Variogram model 

The next preprocessing step is variogram calculation and modelling for the normal score 

transform. The variogram measures the spatial variability of the data by measuring the average 

squared difference between data points separated by a specific distance or lag. It replaces the 

Euclidean distance h by a structural distance 2ɔ(h) (Deutsch & Journel, 1998). This distance 

measures the level of dissimilarity between an unsampled grade z(u) and a nearby grade value. To 

compute the experimental variogram, we calculate the semi-variogram for various lag distances. 

The result is a plot or function that shows how the semi-variance changes as a function of distance 

as illustrated in equation 14. The semi-variogram, ɔ(h), for a given lag distance h, is calculated as 

follows: 
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‎▐ ὤό ὤό Ὤ ό  (9) 

Where: 

¶ ɔ(h) is the semi-variogram at lag distance . 

¶ N(h) is the number of data point pairs separated by lag distance . 

¶ Z(ui) is the grade value at location ui. 

¶ Z(ui+h) is the grade value at location ui shifted by lag distance h. 

The GSLIB program gamv is used to compute the variogram at twelve (12) directions separated 

by an angle of fifteen (15) degrees. The parameters required for the program include the datafile 

that contains the grade of the variable, lag separation distance, number of lags and setting of 

tolerances parameters. Details of the parameter file is presented in the appendix. The spacing of 

the lag is generally chosen in conformity with the data spacing in each principal direction. The lag 

tolerance is typically computed as half of the lag distance, but can be increased if there are few 

data and decreased if the data are regularly spaced (Journel and Deutsch, 2022). An angle of 

tolerance of about 22.5Á within the plane of continuity is generally used.  

Geological formations are almost always not isotropic. The initial step in variogram calculation is 

to establish the principal directions. Since the blast hole data do not provide information on the 

vertical variability, the principal directions of the variogram are determined and modelled for the 

horizontal plane after the directional variograms are computed. The variogram model allows us to 

calculate the variogram value between any two points within the stationary domain. According to 

Hadavand & Deutsch (2015), the variogram model is described as a linear sum of variogram 
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structures with different contributions, generally referred to as Linear Model of Regionalization 

(LMR). The variogram model is computed using equation 15 below: 

‎▐ ὅῲὬ  (15) 

Where Ci are variance contributions to each nested structure, i=0 relates to the nugget effect by 

convention, and ũi are licit variogram functions.  

The GSLIB program vmodel is used in computing the variogram model and parameters include 

number of nested structures, nugget contribution, and the ranges of continuity in the principal 

directions. Other parameters used are captured in the parameter file presented in the appendix. 

3.2.1 Sgsim 

Sequential gaussian simulation (sgsim) is used to create the reference grade distribution. Simply 

put, simulation is a probabilistic procedure used to generate multiple realizations of grade variable 

while honoring the statistical properties of the data and its spatial correlation. Unlike estimation, 

where a best map can be generated under some definition of quality, there is no single best 

realization with simulation, since they are all considered equally likely to occur (Ortiz, 2020). This 

allows us to obtain a distribution of the possible grade at every location within the domain. In this 

study however, just a single realization is developed to facilitate the interpretation of the results. 

Simulation is carried out on a point scale which also allowed us to assess the uncertainty of related 

points in what is performed as change of support. This is done on a 10m by 10 m by 10m grid by 

averaging the simulated point grades within the defined grid. In the GSLIB program (sgsim) used, 

normal score values are automatically back transformed into the original graded distribution. The 

parameter file makes use of the coordinates of the conditioning data, size of search radii, minimum 
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and maximum data to be used for simulation, and the variogram model of normal scores. Details 

of the parameter file is presented in the appendix.  

Validation of the simulated model is performed by assessing how well the data is honoured and by 

comparing the histogram of the simulated data with histogram of the blasthole data. A quantile-

quantile (Q-Q) plot of the original blasthole data and the simulated data after back transforming 

are plotted to validate the distribution. A good model is evidenced when the data points are closer 

to the forty-five (45) degrees line. Similarly, a good correlation between histograms of simulated 

and original blast hole data as well as the reproduction of basic statistics is a sign of a good, 

simulated model. 

3.2.1 Classification 

The grade model is proceeded by an application of a cut-off grade to help discriminating ore from 

waste. The choice of the cutoff grade influences the profitability and life of the mine and thereby 

the quantity of the resource that is available. Theoretically, the optimal cutoff grade depends on a 

variety of important factors such as the commodity price, capacity of extraction and of milling, the 

geometry and geology of the orebody, and the optimal grade of concentrate to send to the smelter 

(Cairns & Shinkuma, 2003). However, the cut-off grade used in this study is hypothesized and is 

meant to illustrate relevant observations of the workflow. For each case study, it is chosen to be 

the mean of the grades. The same cut-off grade is applied to all the benches in the corresponding 

deposit. 

3.3 Data Pre-Processing 

Errors during sampling are inevitable in mining operations hence their impact is considered in this 

study. Random noises representing sampling errors are computed and added to the variables in 

each case study. The added errors ranged from ten percent (10%) to fifty percent (50%) for each 
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bench selected. In most open pits, blasthole samples have a sampling error (verified by duplicate 

samples) which ranges from ten percent (10%) to thirty percent (30%). Testing the range from no 

error to fifty percent (50%) covers the range of errors seen in real applications. The purpose of 

these added errors is to assess the accuracies of the models where less sampling errors are 

experienced and models with more erratic sampling data. The error is calculated as the sum of the 

blasthole value (BH) at each location and a random error term (N (0, ...)). The magnitude of this 

error depends on the variability of BH („ ) and is scaled by the factor (0.1...0.5)2, which 

introduces variability into the error term as shown in equation 16. This formula accounts for the 

uncertainty or variability in the data, with error level from 0.1 (10%) to 0.5 (50%) and scaling used 

to adjust the magnitude of the random error. The normal distribution assumption suggests that the 

error is normally distributed around a mean of 0, which is a common assumption in statistical 

modeling. 

ὉὙὙὕὙὄὌ ὔ πȟ  πȢρȣπȢυό  (16) 

Where „  and ‘  are the variance and mean of the distribution respectively and BH is the grade 

of variable at each sampling location. Each error value becomes a new input variable for modelling 

using kriging and support vector classification (SVC).  

3.4 Creation of Kriging Model 

A kriging model is developed using the same blasthole dataset as a test model. The geostatistical 

method estimates the value of a variable at an unsampled location based on observations from 

nearby sample locations collected while considering the spatial correlation structure of the data. 

Estimation is done on a 10m-by-10m-by-10m block grid followed by the application of a cut-off 

grade. 
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The first step in Ordinary Kriging is to model the spatial dependence structure of the variables 

using a variogram model. The variogram model describes how the variance of the variable changes 

with distance and direction. The steps used in generating the variogram model are the same used 

in the generation of the variogram model for simulation in the section 3.2.1 above. The variogram 

was calculated for twelve directions and fitted for two principal directions in the horizontal plane 

using gamv and vmodel respectively. The major difference is that the actual grade values are used 

to generate the variogram model in kriging whiles that of simulation utilized the normal score 

values. Details of the parameter file for gamv and vmodel are presented in the appendix.  

To estimate the grade of the variable at an unsampled location, ordinary kriging utilizes a system 

of equations presented in equation 17. 

ὤᶻό ‗ὤό   (17) 

Where: 

Z*(u0) is the estimated value at the unsampled location u0, Z(ui) are the blasthole sample values at 

nearby data locations ui, and ɚi are the kriging weights assigned to the known (blasthole) samples 

based on proximity to the estimation location. 

For each unsampled location, the weights for nearby sampled data points are calculated based on 

their spatial distance and the variogram model. The weights are determined such that it minimizes 

the variance of the estimation error, providing the best linear unbiased estimate. Estimation by 

kriging is determined as a weighted sum of the sample data, using the weights obtained. The 

GSLIB program kt3d is used for the estimation and it utilizes parameters such as amount of data 

for kriging, magnitude of search radii, and variogram model of actual variable grades. Details of 

the parameter file is also presented in the appendix. 
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3.5 Creation of SVC Model 

Support Vector Classification (SVC) is utilized as a novel grade control method based on 

supervised machine learning. This machine learning method aims at maximizing profit of mining 

operations by optimizing ore and waste decisions in grade control. The underlying concept of 

Support Vector Classification involves finding a hyperplane that best separates data points into two 

distinct classes. This hyperplane is chosen to maximize the margin between the classes while 

minimizing classification errors. The model utilizes the blasthole coordinates and grades to classify 

the samples into ore and waste using the same cut-off grade as reference (ground truth) and kriging 

models.  The ñclassò feature is added into the data by coding samples above the cut-off grade as 

ore and samples below the cut-off grade as waste. The SVC model is then developed using the 

coordinate points as the input parameters and the class as target. A schematic diagram of the 

workflow is presented in Figure 11. 

3.2.1 Hyperparameters 

Prior to prediction, the model undergoes training with seventy percent (70%) of the data, and the 

remaining thirty percent (30%) are reserved for testing. This is done to assess the performance of 

the model before it is used to predict an unseen data based on the simulated reference model. To 

accommodate complex data distributions, SVC leverages kernel functions to map data into a 

higher-dimensional space (Bishop, 2006). The choice of kernel function is based on the nature of 

the dataset and the problem we aimed to address. In our case, the radial basis function (RBF) kernel 

proved to be most suitable kernel due to the non-linearity of our data. The RBF kernel has one 

hyperparameter, often denoted as ɔ (gamma). It is a positive hyperparameter that determines the 

width of the Gaussian function (G®ron, 2019). Smaller values of ɔ result in a broader, smoother 

decision boundary, making the model more flexible but potentially prone to overfitting. Larger 
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values of ɔ lead to a more focused decision boundary, making the model less flexible but potentially 

improving generalization. C is another important hyperparameter that influences the model's 

behavior. The SVC objective function usually includes a term that penalizes misclassifications, 

and C controls the strength of this penalty (Jordan, 2017). It is also a positive regularization 

hyperparameter that controls the trade-off between achieving a low training error and a low model 

complexity (large margin). A small C encourages a wider margin and allows more training errors, 

making the decision boundary smoother and the model more tolerant of misclassifications. A large 

C penalizes misclassifications heavily, leading to a narrower margin and a more complex decision 

boundary. The trade off between ɔ and C is crucial for finding the right balance between model 

flexibility and generalization. This is achieved in a process described as hyperparameter tuning. 

Hyperparameter tuning is an important step in optimizing the SVC model's decision making. Grid 

search combined with cross-validation is used to explore the hyperparameter space and find the 

combination of ɔ and C values that result in the best model performance on a validation set. 

Different pairs of ɔ and C values are randomly selected with replacement for a specified number 

of repetitions. The optimum hyperparameter pair chosen to fit the model are those that produced 

the highest accuracy on the validation set. The trained model is then applied to the test dataset to 

assess its generalization capability, with accuracy computed and analyzed against the simulated 

ground truth for the entire bench. 
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Figure 11: Schematic diagram of SVC workflowΦ 

 

3.6 Evaluation of models 

The classification results produced by SVC and OK models was evaluated against the reference 

(ground truth) model using the confusion matrix. In the context of any binary classification 

problem such as ore and waste classification in mining, the confusion matrix helps assess how well 

the models distinguishes between ore and waste blocks (Bhandari, 2020; Suresh, 2021). Each row 

in the confusion matrix represents an actual class (from the reference model), while each column 

represents a predicted class (from SVC and kriging model). The matrix compares the actual target 

values with those predicted by the machine learning and geostatistical models. The result of the 

classification is summarized by displaying the number of true positive (TP), true negative (TN), 

false positive (FP), and false negative (FN) predictions made by the model as shown in Figure 12. 

In this case study, positive is ore, and waste is negative.  
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Figure 12: Confusion matrix for model evaluation (A. Suresh, 2021). 

 

Here is the breakdown of each element: 

¶ True positive (TP): Instances where the model correctly predicted the positive (ore) 

class.  

¶ True negative (TN): Instances where the model correctly predicted the negative 

(waste) class. 

¶ False positive (FP): Instances where the model predicted the positive (ore) class, 

but it was negative (waste). Type 1 error. 

¶ False negative (FN): Instances where the model predicted the negative (waste) 

class, but it was positive (ore). Type 2 error. 

From visual examination, a good model is one which has high TP and TN rates, while FP and FN 

rates are low. However, the confusion matrix also allows for the calculation various performance 

metrics, including accuracy, precision, recall, and F1 score, which provide insights into the model's 
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effectiveness in different aspects of classification. In this study, a ñbalanced accuracyò in place of 

ñaccuracyò is computed by considering the accuracy of each class independently and then 

averaging them. This provides a fair evaluation of the model for situations such as this study where 

the occurrence of waste far exceeds ore, creating an imbalanced dataset (M. Olugbenga, 2022). It 

is calculated as the arithmetic mean of sensitivity (true positive rate) and specificity (true negative 

rate), giving equal weight to both classes and using the formula in equation 18: 

ὄὥὰὥὲὧὩὨ ὥὧὧόὶὥὧώπȢυ 
 

  
 

       (18) 

Where: 

TN and TP are true negatives and true positives respectively. Actual negatives and actual positives 

represent the total number of blocks that belong to the negative (waste) and positive (ore) classes, 

respectively as determined by the reference (ground truth) model. 

3.7 Block Economic Value Calculation 

The block model from the predicted (estimated) grades is used in the calculation of the economic 

value of each block. Blocks that were predicted (estimated) as waste but were ore blocks are 

quantified and accounted for in terms of its economic value. These blocks which are sent to the 

waste instead of the mill and are considered as value lost and negatively impacts the revenue 

generated by the mining company. From Figure 12, they present the false positive (FP) quadrant 

of the confusion matrix.  

In the calculation of the economic value of the lost ore blocks, the grade, volume, tonnage, and 

metal content of each block are utilized together with other economic parameters. However, since 

the economic value largely depends on the direct factors such as grade and tonnage, and these 
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economic parameters are external factors which are not affected by the predicted model, the 

economic was calculated by computing for the metal content. For each bench, the economic value 

(BEV) of the lost ore blocks is determined by sum of the metal content lost in each block using 

the formular in equation 19 below: 

ὄὉὠВ ὤ ὠ Ὠ  (19) 

Where: 

 Zi is the grade of each block for all n number blocks in the bench, V is the volume, and d is the 

density. The product of the volume and density is the tonnage of each block. In other words, the 

metal content can be determined using the tonnage and grade of each block. The dimension of each 

block was 10mĬ10mĬ10m (that is, 10 meters in length, width, and height), and the density value 

used was 2.7 ton per meter cube (ton/m3). 
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Chapter 4 

Case Studies 

This chapter presents two case studies. In the first study, two grade control methods (SVC and 

Ordinary kriging) are used to discriminate ore and waste materials from an open-pit porphyry 

copper mine in Chile. Similarly, the second case study utilizes the same grade control methods, 

this time applied to data from an open-pit gold and silver deposit, also located in Chile. The 

performances of these grade control methods are subsequently assessed against a reference model, 

commonly referred to as the ground truth. 

4.1 Case study I 

In this case study, blasthole data from an open pit porphyry copper deposit in Chile was utilized. 

The host rock is a granodiorite intruded by breccias. Due to the intrusion, the breccia has 

granodiorite clasts with cement composed by tourmaline and sulphides such as chalcopyrite, 

pyrite, molybdenite, and some bornite. There are also three different breccia types and outcrop in 

the western and southern areas of the deposit.  

4.1.1 Data 

The data set contains 20,893 blasthole samples comprising of fifteen (15) benches, sixteen (16) 

meters high each. The mean grade of copper for the entire data is 1.169 % Cu. The average distance 

between blasthole samples is about eight (8) meters. High grades of copper can be observed at the 

central part of the deposit surrounded by low grades. The high-grade zones are also characterized 

by dense sampling points indicating preferential sampling.  Summary statistics of the data is 

presented in Table 2. The benches chosen for analysis are (bench_3964, bench_3940, bench_3916, 

bench_3868 and bench_3836) in descending order of elevation. A three-dimensional (3D) image 
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of the entire pit of BH samples (a), and a two-dimensional (2D) view of the sample location on 

each selected bench (b) to (f) are shown in Figure 13. The amount of data in each bench decreased 

with the depth of bench.  

4.1.2 Reference Model 

The reference model was generated by a simulated model of the deposit at point support using a 

univariate workflow based on sequential gaussian simulation (sgsim). This was followed by a 

change of support to obtain the grades within blocks of dimension 10m by 10m by 10m. With an 

application of a cut-off grade, the ore was discriminated from waste. 

Table 2: Summary statistics of Cu grades (in %) for entire pit and selected benches. 

 Count Mean Std Min 25% 50% 75% Max 

All data 20893 1.170 0.768 0.010 0.690 1.020 1.450 9.900 

B_3964 4409 1.263 1.072 0.070 0.640 1.000 1.520 9.900 

B_3940 2048 1.162 0.729 0.180 0.6800 1.010 1.440 7.710 

B_3916 1842 1.223 0.651 0.160 0.780 1.125 1.530 8.180 

B_3868 1360 1.200 0.510 0.240 0.860 1.110 1.460 4.550 

B_3836 528 1.113 0.493 0.320 0.738 1.010 1.390 3.710 
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(a)                                                                  (b) 

             

                     (c)                                                                      (d) 

                             

            (e)                            (f) 

Figure 13: Blast hole (BH) samples from entire pit (a), and BH samples from selected benches 

(b to f). 
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4.1.2.1 De-clustering and Normal Scores Transformation 

The dataset from the blast holes used in this case study followed an irregular pattern and exhibited 

clustering in some areas (evident from Figure 13) so a de-clustering step was necessary. This was 

done to obtain a representative distribution of the domain by assigning weights to each sample 

where values in cells with more data received less weight than those in sparsely sampled areas. 

The parameter file made use of the sample location, sample grades, and a definition of cell sizes. 

Details of the de-clustering parameter file is presented in the appendix. 

Another preprocessing step leading to simulation is the transformation of data into normal scores 

(nscore). The Gaussian-based simulation (sgsim) used in this workflow uses normal scores of the 

original data. The simulation is carried out in the normal space, then the simulated values are back 

transformed using a normal score back transforming program. However, the sgsim program 

implemented in this study had an in-built algorithm that automatically back transformed the values 

after simulation. After the normal score transformation, the data is normally distributed having a 

mean of zero (0) and a standard deviation of one (1) (standard normal distribution). The nscore 

program utilizes the original data value and the weights assigned from de-clustering. Details of the 

parameter file can be found in the appendix. 

4.1.2.2 Normal Score Variogram Calculation and Modeling 

For each bench, an experimental semi-variogram was calculated for twelve (12) directions which 

were separated by fifteen (15) degrees, for twenty (20) number of lags, a lag separation distance 

of ten (10) meters and lag tolerance also of ten meters (10). Dip, and other tolerance parameters 

are adjusted reasonably as captured in the parameter file (presented in the appendix). Since 

standard normal score values were used, the sill of the variogram is fixed at one, which is the 

variance of the distribution. It is observed that the spatial continuity of the data varied from one 
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bench to the other. Benches 3964, 3868 and 3836 showed an isotropic behaviour and hence omni-

directional variograms were calculated and modelled. However, benches 3940 and 3916 exhibited 

anisotropy in two orthogonal directions and were modelled accordingly. The variogram models for 

each bench are shown in Figure 14, and directions of maximum continuity considered for 

modelling in Table 3.  

 

   

(a) B_3964     (b) B_3940   (c) B_3916 

 

   (d) B_3868     (e) B_3836 

Figure 14: Normal score variogram model fit for selected benches. 
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Table 3: Principal directions of spatial continuity. 

Bench Directions 

B_3964 Omni-directional 

B_3940 N45E and N135E 

B_3916 N45E and N135E 

B_3868 Omni-directional 

B_3836 Omni-directional 

 

4.1.2.3 Sequential Gaussian Simulation (Sgsim) 

Simulation is executed on a one (1) meter by one (1) meter by one (1) meter point support and 

then block averaged at ten (10) by ten (10) by ten (10) meters. Minimum and maximum data for 

simulation was fixed at four (4) and twenty-five (25) respectively for each model, and search radii 

of thirty (30) meters was used. More information on the parameter file is presented in the appendix. 

The result as presented in Figure 15, shows one stochastic realization of the grade distribution of 

the benches which accounts for the spatial variability. High grade values are seen in deep red 

colours which decrease steadily to blue in low grade areas, following similar patterns in the sample 

locations for each bench. 

 

 

(a)      (b)         (c) 
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    (d)       (e) 

Figure 15: Simulation results for each bench at 10m by 10m by 10m block support. 

 

4.1.2.4 Model validation 

The simulated model was validated using data and histogram reproduction. Both approaches 

demonstrate how well the simulation results reproduced the original blast hole data. To validate 

the distribution, a quantile-quantile (Q-Q) plot of the original blasthole data and the simulated data 

after back transforming were plotted. The plot shows values corresponding to same quantiles of 

the two distributions. Points closer to the forty-five (45) degrees line show better data reproduction. 

Reasonable data reproduction is observed in all benches implying that the model did a good 

simulation of the grades. Results of the Q-Q plots for each bench are shown in Figure 16. 

   

(a)          (b)           (c)  



сф 
 

 

    (d)      (e) 

Figure 16: Q-Q plot of blasthole data and simulated data. 

 

Second validation method was a visual comparison of the histograms of the blast hole data, and 

the histogram of the simulated data generated by the model. The shape, mean and variance of both 

histograms were vital checks, and they indicate very similar properties and statistics. For brevity, 

only histograms for simulated data and original BH data for bench 3964 are presented in Figure 

17, whiles the rest can be found in the appendix. The general shape and statistics for histograms 

of the other benches showed a reasonably reproduction of the blast hole data.  

In Table 4, the degree of bias present in each bench simulation was calculated. It is the percentage 

difference between the mean of the sample data and the mean of the simulation data, relative to 

the mean of the sample data. A high positive bias indicates an overestimation of the model, 

however, proximity to zero indicates a well simulated model. Ideally, the simulated mean should 

be closer to the de-clustered mean. However, because only one realization of the simulated model 

was generated, it is expected that it will fluctuate around the true mean. If 100 simulation models 

were generated, their average should be very close to the de-clustered blast hole mean. 
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(a) (b) 

Figure 17: Histogram of blast hole data (a) and simulated data (b) for Bench 3964. 

 

Table 4: Summary statistics of blast hole and simulated data, showing bias. 

Bench Type Count Mean Std. Min 25% 50% 75% Max Bias 

B_396

4 

BH Data 4409 1.263 1.072 0.07 0.64 1.000 1.520 9.900 10.451 

Declustered 4409 1.232 1.041 0.070 0.620 0.990 1.480 9.900 

Simulation  217000 1.131 0.908 0.058 0.560 0.940 1.400 9.938 

B_394

0 

BH Data 2048 1.162 0.729 0.180 0.680 1.010 1.440 7.710 3.614 

Declustered 2048 1.164 0.729 0.180 0.680 1.020 1.440 7.710 

Simulation  195289 1.120 0.704 0.048 0.640 0.980 1.400 7.491 

B_391

6 

BH Data 1842 1.223 0.651 0.160 0.780 1.125 1.530 8.180 2.617 

Declustered 1842 1.230 0.653 0.160 0.790 1.140 1.530 8.180 

Simulation  167571 1.191 0.619 0.003 0.760 1.110 1.500 8.786 

B_386

8 

BH Data 1360 1.200 0.510 0.240 0.860 1.110 1.460 4.550 1.000 

Declustered 1360 1.199 0.509 0.240 0.860 1.110 1.460 4.550 

Simulation  103474 1.188 0.469 0.003 0.880 1.110 1.430 4.086 
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B_383

6 

BH Data 528 1.113 0.493 0.320 0.737 1.010 1.390 3.710 1.887 

Declustered 528 1.112 0.490 0.320 0.740 1.010 1.390 3.710 

Simulation  51876 1.092 0.503 0.032 0.720 0.990 1.361 3.635 

 

 

4.1.2.5 Ore and Waste Classification 

Applying a cut-off grade of 1.263 % Cu to the model, the ore was discriminated from waste. The 

model, presented in Figure 18, showing the ore and waste zones after the application of threshold 

value is our reference model. The ore and waste properties for each bench are presented in Table 

5 and Table 6 respectively. In the computation of the material tonnage, a fixed density of 2.7 tonm-

3 was assumed.  

 

    

(a)      (b)    (c) 
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    (d)         (e) 

Figure 18: Ore and waste zones for selected benches after applying threshold. 

 

Table 5: Bench by bench ore properties for reference model. 

 
ORE PROPERTIES 

BENCH # of Ore 

blocks 

Average ore grade 

(% Cu) 

Ore volume 

(m3) 

Ore tonnage (t) Metal content 

(tCu) 

B_3964 699 1.917 699,000 1,887,300 36,179.541 

B_3940 638 1.777 638,000 1,722,600 30,610.602 

B_3916 684 1.642 684,000 1,846,800 30,324.456 

B_3868 387 1.549 387,000 1,044,900 16,185.501 

B_3836 175 1.607 175,000 472,500 7,593.075 

 

  

Table 6: Bench by bench waste properties for reference model. 

 
WASTE PROPERTIES 

BENCH # of Waste 

blocks 

Average waste grade 

(% Cu) 

Waste volume 

(m3) 

Waste tonnage 

(t) 

Metal content 

(tCu) 

B_3964 1589 0.747 1,589,000 4,290,300 32,048.541 

B_3940 1455 0.793 1,455,000 3,928,500 31,153.005 

B_3916 1095 0.881 1,095,000 2,956,500 26,046.765 

B_3868 733 0.980 733,000 1,979,100 19,395.180 

B_3836 456 0.914 456,000 1,231,200 11,253.168 
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It is important to note that these values established by the simulated model in Table 5 and Table 6 

is a representation of the true grades.  The simulation serves as a representation of the ground truth, 

providing a comprehensive understanding of the underlying data. However, due to practical 

constraints such as limited sampling and estimation of block grades, achieving a perfect 

classification is unattainable. Hence, the classification performance will always fall short when 

compared to an exhaustive knowledge of the true grades, which is practically unachievable. 

Essentially, by increasing the number of samples, minimizing errors, and improved estimation 

techniques, we can narrow the gap between our classification results and the ground truth, thereby 

achieving a more accurate representation of the underlying data. 

4.1.3 Grade Control by Ordinary Kriging 

A grade model was generated by estimating the grades in the entire domain using ordinary kriging. 

Variograms of the blast hole grades were calculated and modelled prior to estimation. Same 

threshold (cut-off grade) used in the creation of the reference model, was applied to the kriged 

model to discriminate ore and waste.  

4.1.3.1 Variogram calculation and modeling 

Variogram calculation and modelling for each bench was done with the grades of blasthole samples 

and not the normal scores. In mining operations, blast hole (BH) samples are collected gradually 

over time rather than all at once. This incremental sampling can result in having fewer samples 

available when inferring the variogram, hence data from other sections or areas within the mine 

are used to assist in the variogram inference, even if these samples come from a different bench. 

This approach is taken to supplement the available data and improve the reliability of the 

variogram estimation, despite the spatial differences between benches. However, in this study, the 
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variograms for each bench were calculated and modelled using all available data sampled from 

each bench.  

In the absence of clearly defined orthogonal directions showing maximum continuity, an omni-

directional variogram is modeled, suggesting an apparent isotropic behavior of the data. In 

scenarios where the anisotropy in is not too clear like we have in our data, it is common in practice 

to fit the variogram with an isotropic model. The omni-directional variogram was obtained by 

averaging the variograms calculated in all possible directions. The presence of anisotropy in the 

nscore values of the data but not in the raw BH data is attributed to the normalization process 

involved in transforming the raw data into normal scores. During this transformation, the original 

data's statistical properties, including anisotropy, may be altered. In Figure 19, the red dotted lines 

indicate the calculated omni-directional variograms, whiles the thin black line is the variogram 

model. The sill in the variogram modeling represents the value that the variogram plateaus 

(estimated by looking at the y-axis value at the plateau of the variogram) which is equal to the 

variance of the blasthole data within each bench. The distance (on the x axis) at which the 

variogram reaches a plateau or levels off is known as the range, beyond which spatial correlation 

becomes negligible. The variogram is modeled with the parameters shown in Table 7. 

 

    

(a) Bench 3964  (b) Bench 3940   (c) Bench 3916  
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   (d) Bench 3868    (e) Bench 3836 

Figure 19: Variogram models for all five benches. 

 

Table 7: Attributes for variogram model. 

Bench Type Sill Range Y Range X 

B_3964 Nugget 0.360   

Spherical 0.740 50 50 

Spherical 0.050 90 90 

B_3940 Nugget 0.070   

Spherical 0.161 50 50 

Spherical 0.300 100 100 

B_3916 Nugget 0.100   

Spherical 0.174 50 50 

Spherical 0.150 100 100 

B_3868 Nugget 0.070   

Spherical 0.151 60 60 

Spherical 0.040 100 100 

B_3936 Nugget 0.100   

Spherical 0.100 150 150 
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Spherical 0.0426 220 220 

 

4.1.3.2 Ordinary Kriging  

Ordinary kriging was performed on a ten by ten by ten (10x10x10) meter grid for all benches at a 

maximum search radius of fifty (50) meters in all directions. The minimum number of data points 

for estimation is established at five (5), while the maximum is capped at fifty (50). While industry 

norms typically involve using a range of four (4) to twelve (12) samples for estimation, the decision 

to utilize five and fifty samples in this study was driven by the need to ensure an adequate number 

of samples within the specified search radius and to accurately convey the study's findings. The 

estimation result is a map of the spatial distribution of the grade values across the domain.  

4.1.3.3 Sampling Errors 

Sampling errors occur mainly because the characteristics of the sample is not consistent with the 

characteristics of the entire domain. To capture the possibilities of this error, different levels of 

random noise were added to the blasthole data to assess how the behaviour of the kriged model 

changes in the presence of these errors. The errors are 10% error, 20% error, 30% error, 40% error 

and 50% error. For each level of added error, twenty (20) possible realizations of the random error 

were calculated. This allowed us to assess the errors in a larger scope and not limiting the 

randomness to a single value. Each realization of the noise was used as a new variable input for 

kriging and the results show significant changes in the models as the level of noise increased. The 

original blasthole data and the five levels of added noise for bench 3964 is presented in Figure 20. 
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        (a)                                                                   (b)                                       

 

(c)                                                                   (d) 

 

(e)                                                                  (f) 

Figure 20: Original blasthole data (a) and BH data with added errors (b) to (f). 



ту 
 

4.1.3.4 Ore and Waste Classification 

A cut-off grade of 1.263 % Cu was used as the threshold value for ore and waste discrimination 

for all the variables of copper. Figure 21 shows the ore and waste classification for the original 

variable (Cu) and one realization of the variable with added errors (Cu + errors) for bench 3964 in 

comparison to the ground truth. The results for ore and waste classification for other benches are 

presented in the appendix. The general pattern of ore and waste classification is similar for all six 

scenarios. However, there exists variations in the total of number of ore and waste blocks classified 

in each case. These variations though little are significant in terms of the economic assessment of 

each block. 

 

(a) Reference (ground truth) model 

  

           (b) Cu with no error              (c) Cu with 10% error   (d) Cu with 20% error 
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         (e) Cu with 30% error      (f) Cu with 40% error  (g) Cu with 50% error 

Figure 21: Ore and waste classification for bench 3964 showing reference model (a), and when 

estimated with original variable (Cu), and Cu with added errors (b) to (g). 

4.1.4 Grade Control by Support Vector Classification (SVC)  

The implementation of SVC to the dataset is a novel approach to optimizing grade control using 

supervised machine learning. Support Vector Classification is a subset of a broader supervised 

model known as kernelized support vector machines. This is because it relies on kernels to allow 

the classification of more complex data to account for the geometric complexity of the data. The 

important variables used in shaping the model are the type of kernel, and the hyperparameters C 

and gamma, ɔ. C and gamma both control the complexity of the model, with large values in either 

causing more complex model. 

4.1.4.1 Training and Testing 

The dataset is randomly divided into training (70% of the data) and testing sets (30% of the data). 

The variables East and North were used as input variables, and the variable class is employed as 

target. Prior to that, the variable class was encoded as a categorical variable after applying a cut-

off grade of 1.263 % Cu: class 100 is coded as waste and class 200 as ore. During the training of 

the data, portions of the train set were randomly sampled with replacement (bootstrapping) to 
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assess the performance of each hyperparameter pair selected, thereby giving us a robust model. 

The remaining of the train set was used to evaluate the model performance of each hyperparameter.   

Like the kriging model, random noises representing sampling errors were introduced into the data 

set. Noises from ten (10) to fifty (50) percent were introduced. For each level of random error, 

twenty (20) realizations of the BH with error are reproduced (same 20 realizations used in kriging) 

and is split into training and testing. The mean of all twenty SVC models generated is calculated 

and used for analysis.  

4.1.4.2 Tuning of Hyperparameters 

Grid search, coupled with cross-validation, is employed to navigate the hyperparameter space and 

determine the combination of ɔ and C values that yield optimal model performance on a validation 

set. Initially, the model was designed to search for ɔ and C values from a defined course range 

between one and thirty with an increment of one (1, 30, 1). Having had an idea of where the best 

values may lie, a finer grid of (0.2, 5, 10) for C and (0.2, 15, 10) for gamma was defined around 

the best performing values to select the optimum C and gamma. The number of bootstrapping for 

each search is set at thirty (30) after a sensitivity analysis. This analysis was done by observing the 

hyperparameter values chosen by the model at each repetition. The model chose different values 

for ɔ and C between the first and thirtieth repetition. However, after thirty repetitions, C and ɔ 

remained constant (shown in Figure 22). Thus, the search is repeated for thirty times and the mean 

of all ɔ, and C values is calculated.  
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Figure 22: Determining the number of bootstrapping repetitions for C and gamma (g). 

 

By averaging out all assessment of the model provided by C and gamma, a better accuracy of its 

performance is obtained. This was done to avoid selecting an imprecise and suboptimal model. 

The optimum hyperparameters used to fit the model for bench 3964 is presented in Table 8, as well 

as the performance of the fit model on both test and the unseen data (based on the reference model). 

The results for other benches are presented in the appendix. The optimization process for C and 

gamma varied from bench to bench, and the accuracy of each optimized values also fairly declined 

as the level of error increased in all benches.  
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Table 8: Optimum hyperparameters used to fit model for B_3964 and its performance on test 

and reference data. E0 represent the original variable with no error whiles E10, E20, E30, E40 

and E50 represents variable with 10% to 50% added errors. 

Cu Variable C gamma SVC accuracy 

with Optimum 

hyperparameters 

(%) 

SVC prediction 

accuracy on test 

data  

(%) 

SVC prediction 

accuracy on 

reference data  

(%) 

E0 3.5111 13.444 79.550 77.110 87.670 

E10 0.200 23.380 79.500 79.060 88.020 

E20 0.200 23.380 77.010 76.600 87.960 

E30 0.200 26.690 75.500 74.740 87.550 

E40 0.200 16.760 74.700 76.020 87.190 

E50 0.200 16.760 73.400 71.810 86.610 

 

4.1.4.3 Ore and Waste Classification 

The trained model was used to predict the locations of the test data, after which the model was 

used to classify the simulated reference blocks. Predictions on the test data shows the probabilities 

of sampled and unsampled locations belonging to a either ore or waste. A cumulative probability 

plot of the classification for each realization revealed that the model classified blocks above the 

class probability of 152 as ore and those below as waste. Model prediction for the test data together 

with the location of the test samples is shown in Figure 23. Most of the test samples classified as 

ore (in red circles) were consistent with the prediction of the model with an accuracy of 77.11% 

(for Cu with no error), and waste samples (in blue circles) were also well predicted by the model. 

The model demonstrated higher accuracy on unseen data compared to the test data across all 
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scenarios, signifying a highly satisfactory performance. This can be attributed to factors such as 

the continuity of grades and a low nugget effect. The significant continuity of ore and waste blocks 

contributes to the robustness of the model in accurately predicting unseen data. Figure 24 shows 

the results after the model was used to classify the unseen data. Only classification for the topmost 

bench (B_3964) is presented here for brevity (classification for other benches is presented in the 

appendix). A sub-optimum classification is observed when the model is used to predict samples 

with added errors - increasing level of sampling error generated a less optimum prediction.  

 

 

(a) Cu with no Error              (b) Cu with 10% Error 
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(c) Cu with 20% Error             (d) Cu with 30% Error 

 

(e) Cu with 40% Error          (f) Cu with 50% Error 

Figure 23: SVC model prediction on test data at bench 3964 for original variable (Cu), and Cu 

with added errors. 

 

   

         (a) Cu with no error            (b) Cu with 10% error  (c) Cu with 20% error 
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     (d) Cu with 30% error            (b) Cu with 40% error  (c) Cu with 50% error 

Figure 24: SVC model classification on unseen (reference) data at bench 3964 for original 

variable (Cu), and Cu with added errors. 

4.1.4.4 Fixed hyperparameters 

In this scenario, the models for all benches were fitted using constant values for C and gamma, 

utilizing the optimum hyperparameters identified for top bench 3964 instead of employing self-

optimization for each. This approach aimed to evaluate model accuracy under two conditions: one 

with self-optimized hyperparameters and the other with fixed values. The comparison revealed 

that, in this context, the self-optimized hyperparameter values did not exhibit any superior 

performance compared to the fixed values as presented in Figure 25. The was a general decline of 

model accuracy with increasing levels of sampling errors in the variables used in each bench. The 

accuracy for each variable in a bench is an average of twenty realizations. 
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Figure 25: Performance of SVC models with optimized and fixed hyperparameters. 

4.1.5 Evaluation of models 

The SVC and kriged models for each variable of Cu was evaluated against the reference (ground 

truth) using a confusion matrix. The results illustrate how close or far both models classified 

materials in respect to the actual material distribution in the field, which was simulated using 

sgsim. An example of the confusion matrix for kriging and SVC using original variable without 

sampling errors (CU_E0) are presented in Figure 26. In the figure, true class represents the 

reference (ground truth classification), and predicted class is the prediction (estimations) made by 

the kriging and SVC model. The code 100 represents waste and code 200 means ore. The kriging 

model correctly classified 620 ore blocks (TP) and 1498 waste blocks (TN) whiles 79 ore blocks 

were misclassified as waste (FN), and 91 waste blocks misclassified as ore (FP). The SVC model 

correctly classified 601 ore blocks and 1420 waste blocks whiles 98 ore blocks were misclassified 

as waste, and 169 waste blocks misclassified as ore. Figures for the other benches are presented in 

the appendix. 
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Figure 26: Performance of Ordinary kriging and SVC models in comparison to reference model 

for Bench 3964. 

From visual examination, the high TP and TN rates and low FP and FN rates indicates a good 

model. However, the confusion matrix also allows us to calculate the balanced accuracy which 

provide more insights into the model's effectiveness. The balanced accuracy for kriging and SVC 

models for each bench is presented in Figure 27. Typically, a reliable model is associated with 

kriging due to its high prediction accuracy, indicating its ability to accurately predict materials in 

closer proximity to the ground truth compared to Support Vector Classification (SVC). As the data 

exhibits higher levels of sampling errors, the classification accuracy demonstrates a decline. The 

accuracy assessment for each Cu variable is based on the average of twenty realizations of the 

samples used to make the prediction (by adding error). 

Box plots illustrating the count of accurately classified ore and waste blocks across all twenty 

realizations for each variable were generated for both kriging and SVC. Figure 28 displays the 

outcomes for bench 3964, aligning with the patterns observed in the confusion matrix. Notably, 
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there is a discernible disparity between the blocks categorized as ore and waste by the reference 

(ground truth) model and those classified by the kriging and SVC models. This difference becomes 

more pronounced with increasing sampling errors. Similar observations can be seen in other 

benches. 

 

Figure 27: Balanced accuracy of Ordinary kriging and SVC models for each bench. 

 

  

                                      (a)                                                                                    (b) 
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                                      (c)                                                                                 (d) 

Figure 28: Number of true ore and waste blocks classified by OK (a and b) and SVC (c and d). 

4.1.6 Economic value evaluation 

The economic impact of misclassification for ore blocks in each bench was assessed based on the 

kriging and SVC models. These are ore blocks that were misclassified as waste (FN) and was sent 

to waste dump instead of the plant. Their economic value was computed for as the summation of 

the metal content lost in each block. The metal content was computed as the product of the tonnage 

and the average ore grade assuming a rock density of 2.7 tonm-3. The amount of metal lost in bench 

3964 due to misclassification in kriging and SVC models is presented Table 9 and Table 10 

respectively. The amount of metal lost was more evident in the SVC model than kriging indicating 

fewer financial losses to the mining project when kriging method is used. The amount of metal 

loss based on each model used is expressed as a percentage in relation to the total reference ore 

content in the bench. This is shown in Figure 29. A general increase in ore loss can be observed 

with increasing sampling error in all benches when the kriging model used whiles in the SVC 

model, a decline in ore loss can be observed. The results of the metal lost in rest of the benches is 

presented in the appendix.  
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Table 9: Economic value of ore lost for bench 3964 due to Kriging misclassification. 

Cu 

Variable 

Number 

of blocks 

Mean 

grade (% 

Cu) 

Ore 

volume 

(m3) 

Ore 

tonnage 

(t) 

Metal 

content 

(tCu) 

Ore value 

lost (%) 

No error 79 1.375 79000 213300 2932.880 8.110 

10% 

Error 

81 1.374 82650 223155 3066.150 8.470 

20% 

Error 

90 1.381 90200 243540 3363.290 9.300 

30% 

Error 

91 1.420 91500 247050 3508.110 9.700 

40% 

Error 

93 1.410 93150 251505 3546.220 9.800 

50% 

Error 

97 1.410 97450 263115 3709.920 10.250 

 

Table 10: Economic value of ore lost for bench 3964 due to SVC misclassification. 

Cu 

Variable 

Number 

of blocks 

Mean 

grade (% 

Cu) 

Ore 

volume 

(m3) 

Ore 

tonnage 

(t) 

Metal 

content 

(tCu) 

Ore value 

lost (%) 

No error 98 1.418 98000 264600 3752.028 10.370 

10% 

Error 

95 1.420 95150 256905 3648.051 10.080 
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20% 

Error 

93 1.433 93100 251370 3602.1321 9.960 

30% 

Error 

91 1.432 90850 245295 3512.6244 9.710 

40% 

Error 

77 1.428 76750 207225 2959.173 8.180 

50% 

Error 

77 1.420 77250 208575 2961.765 8.190 

 

 

Figure 29: Bench by bench ore value lost. 

4.2 Case study II 

Data from an open pit gold and silver mine in Chile is utilized for the second case. This mineral 

deposit was formed by the precipitation of gold and silver from circulating mineral bearing 

hydrothermal fluids in fracture and breccias zones (MDO, 2023). High gold values in the eastern 

portion of the deposit are in direct association with advanced argillic alteration. Also, higher grades 
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of silver accompanied by little or no gold are associated mainly with silicification and less 

commonly with advanced argillic assemblages (KMP, 2023). However, in this study only gold 

(Au) variable is considered for analysis. Other categorical variables in the data include the 

lithology, alteration, and mineralization. 

4.2.1 Data 

Data contains 17,352 blasthole samples for all geometric coordinates of the data. The data was 

cleaned by eliminating data points beyond the reasonable limits of the rest of the data. Specifically, 

sample points beyond the easting coordinate of 473500 meters, sample points below elevation of 

1000 meters and sample points with negative gold (Au) grades were eliminated.  These outliers 

could have been due to sampling or assay errors. After removing these outliers, the sample number 

reduced to 16,850. The variable (Au) considered for analysis has a mean grade of 1.26 g/t and an 

upper quartile grade of 1.4 g/t. The original data was not assorted into benches so manual benches 

are assigned within the minimum and maximum elevation values with a step size of eleven (11). 

The analysis is performed on bench 3997 because it is more informed than the rest of the benches 

and can be used to demonstrate the main findings of the analysis better. A summary of the basic 

statistics is presented in Table 11, meanwhile, a two-dimensional view of the blasthole sample 

locations shown in Figure 30a.  

4.2.2 Reference Model 

The data was transformed into normal scores after de-clustering and the variogram was calculated 

and modeled in the horizontal plane. An experimental semi-variogram was calculated for twelve 

(12) directions which are separated by fifteen (15) degrees, for twenty (20) number of lags, and a 

lag separation distance and tolerance of ten meters (10) each. Dip, and other tolerance parameters 

were adjusted reasonably. Just like in the first case, the variogram did not exhibit any clear 
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anisotropy, hence an omni-directional variogram was calculated as shown in Figure 30b. During 

the modelling process, a nugget effect and two nested structures were used, both spherical. The 

first and second structures had ranges of 60m in both directions and 70m also in both directions 

respectively. Details of the parameter files for variogram calculation and modelling are presented 

in the appendix.  

Sequential gaussian simulation is used to simulate the grades of the variable at point support (1 

meter by 1 meter by 1 meter), and then block averaged at 10 meters by 10 meters by 10 meters. A 

different hypothetical cut-off grade of 1.8 g/t, based on the mean grade of the bench data, was 

applied to the simulated model to discriminate ore and waste. The results for simulation and 

material classification after cut-off are presented in Figure 30c and Figure 30d respectively. The 

reference (ground truth) model had about 39,000 troy ounces of gold in ore and about 19,000 troy 

ounces of gold in waste. Tonnage was calculated using a fixed density of 2.7 tonm-3, and the 

resulting metal content (in grams) was converted to troy ounces using the dividing factor (31.10g). 

A summary of the ore and waste properties after classification is also presented in Table 12. 

 

Table 11: Summary statistics of Au data for selected bench. 

 Count Mean Std Min 25% 50% 75% Max 

East 1437 - - 473137 - - - 473359 

North 1437 - - 7036326 - - - 7036635 

Elevation 1437 - - 4003 - - - 4006 

Au 1437 1.8 3.225 0.075 0.4 1.070 2.360 88.050 
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(a)                                                                            (b)  

 

(c)                                                                    (d) 

Figure 30: (a) Sample locations, (b) Variogram of normal scores, (c) Simulation of BH samples, 

and (d) Ore/ Waste classification. 
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Table 12: Ore and Waste properties for reference model. 

 
ORE AND WASTE PROPERTIES 

Material Number of 

blocks 

Average grade (g/t) Volume (m3) Tonnage (t) Metal content  

(oz Au) 

Ore 157 2.850 157,000 423,900 38,841.770 

Waste 295 0.750 295,000 796,500 19,208.200 

 

To validate the distribution, a quantile-quantile (Q-Q) plot of the original blasthole data and the 

simulated data after back transforming were plotted. Most of the points show good proximity to 

the forty-five (45) degrees line which indicates better data reproduction (Figure 31a). Similarly, 

histogram and statistics of the blasthole data is compared to the histogram and statistics of the 

simulated data generated by the model. The histogram shape, mean and variance of the simulated 

data are reproduced reasonably well. The bias of the mean of both distributions is also computed 

and presented in Table 13. A positive bias is observed indicating a slight overestimation, however 

proximity to zero indicates a well simulated model.  

  

(a)                                                             (b)                                                               (c) 

Figure 31: (a) Q-Q Plot, (b) Histogram of BH data, (c) Histogram of Simulated data. 
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Table 13: Summary statistics of blasthole and simulated data for bench 3997, showing bias. 

Type Coun

t 

Mean Std Min 25% 50% 75% Max Bias 

BH Data 1437 1.800 3.225 0.075 0.400 1.070 2.360 88.050 12.94

4 De-

clustered 

data 

1437 1.821 3.188 0.075 0.430 1.100 2.360 88.050 

Simulated 

Data 

35803 1.567 1.639 0.001 0.330 1.000 2.300 10.000 

 

4.2.3 Grade Control by Ordinary Kriging 

The model was developed by estimating the grade of the entire domain using 10 by 10-meter grid. 

Prior to that, the variogram was calculated using a lag separation distance of eight (8) meters for 

twenty number (20) of lags at twelve (12) directions which are fifteen (15) meters apart. An omni-

directional variogram is modelled with a nugget effect of five and two spherical structures. Details 

of the parameters for the model are presented in Table 14. Once the grade model is developed, a 

cut-off grade of 1.8 g/t is applied to the estimates to define the ore and waste zones. Kriging was 

repeated for original and the added error variables of gold (10% to 50% added errors). Results for 

the Au variables are presented in Figure 32.  
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Table 14: Attributes for variogram model. 

Bench Type Sill Range Y Range X 

B_3997 Nugget 5   

Spherical 3.500 18 18 

Spherical 1.904 90 90 

 

 

 

           (a) (b) 

 

            (c) (d) 
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         (e) (f) 

Figure 32: Original blasthole data (a) and BH data with added errors (b) to (f). 

 

4.2.4 Grade Control by Support Vector Classification (SVC) 

The process for modeling and generating predictions followed the same steps used in case one. 

The dataset is partitioned into 70% for training and 30% for testing. The training set undergoes 

further subdivision into sub-training and sub-testing sets to facilitate cross-validation, allowing us 

to identify the best-performing hyperparameter pairs for the model. Five distinct levels of error are 

computed and applied to the original data, resulting in five new variables for prediction. Table 15 

displays the outcomes of the optimum hyperparameters obtained for each variable, as well as its 

performance on test and unseen reference data. Notably, the accuracy of the optimum 

hyperparameters diminishes with an increase in error levels, similar to the behaviour in the test 

and the unseen reference data. The predictive result of the model on the test data for the original 

blasthole data (Au with no errors) and the model prediction on the unseen data are presented in 

Figure 33 (a, b). Results for the other variables are presented in the appendix. 
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Table 15: Optimum hyperparameters used to fit model and its performance on test and reference 

data. E0 represent the original variable with no error whiles E10, E20, E30, E40 and E50 

represents variable with 10% to 50% added errors. 

Au Variable C gamma SVC accuracy 

with Optimum 

hyperparameters 

(%) 

SVC prediction 

accuracy on test 

data  

(%) 

SVC prediction 

accuracy on 

reference data  

(%) 

E0 30.000 3.500 84.600 88.300 90.500 

E10 30.000 3.500 84.000 87.100 90.000 

E20 16.750 6.800 82.700 84.300 89.400 

E30 6.800 10.100 81.700 83.700 88.900 

E40 26.700 3.500 80.600 79.700 88.900 

E50 3.500 10.100 79.600 80.400 88.400 

 

 

 

                     (a)                                      (b) 
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    (c) 

Figure 33: SVC model prediction on test results (a), SVC model classification for reference data 

(b) and Ordinary Kriging model for bench 3997. 

4.2.5 Evaluation of models 

The SVC and kriged models for each variable of Au was evaluated against the reference (ground 

truth) using a confusion matrix. The confusion matrix presented in Figure 34 shows how well the 

models for kriging and SVC classified materials in comparison to the reference (ground truth) 

model, using the original variable without sampling errors (AU_E0). The kriging model correctly 

classified 148 ore blocks (TP) and 262 waste blocks (TN) whiles 9 ore blocks were misclassified 

as waste (FN), and 33 waste blocks misclassified as ore (FP). The SVC model correctly classified 

142 ore blocks and 267 waste blocks whiles 15 ore blocks were misclassified as waste, and 28 

waste blocks misclassified as ore. 
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Figure 34: Confusion matrix for ordinary kriging and SVC models. 

 

The balanced accuracy for kriging and SVC models is presented in Figure 35. Higher prediction 

accuracies are observed in the kriging models for all gold variables with a highest of 91.6% for the 

no error variable and reduces to 89.3% for Au_E50 (50% added error) variable. Balanced 

accuracies for SVC had a high of 90.5% for no error variable to 88.4% for Au_50. As the data 

exhibits higher levels of sampling errors, the classification accuracy demonstrates a decline. The 

accuracy assessment for each Au variable is based on an average of twenty realizations. 
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Figure 35: Balanced accuracy for ordinary kriging and SVC models. 

 

The number of accurately classified ore and waste blocks across all twenty realizations for each 

variable were generated for both kriging and SVC. The outcome displayed in Figure 36 aligns 

with the patterns observed in the confusion matrix. Noticeable difference exists in the classification 

of blocks as true ore and waste when comparing the reference (ground truth) model to the 

classifications made by the kriging and SVC models. This distinction becomes more evident with 

higher levels of sampling errors. 

 

 

(a) (b) 
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 (c) (d) 

Figure 36: Box plots of true ore and true waste blocks for ordinary kriging (a) & (b) and SVC 

(c) & (d) models. 

 

4.2.6 Economic value evaluation 

The economic impact of misclassification for ore blocks based on the kriging and SVC models 

was assessed and presented in Table 16 and Table 17 respectively. The metal content was computed 

in ounces of gold as the product of the tonnage and the average ore grade assuming a rock density 

of 2.7 tonm-3. The kriging model exhibited lower metal losses than the SVC model when using the 

original sample values. However, as the sampling error in the data increased, more metal was lost. 

The reverse was observed in the SVC model. The model, which initially produced more metal loss 

than kriging in the absence of errors, saw a decline in losses with increasing sampling errors. The 

percentage of metal loss for each model was calculated relative to the total ore content in the bench. 

Notably, the kriging model demonstrated a consistent decrease in ore loss with higher sampling 

errors, while the SVC model exhibited the opposite trend, as illustrated in Figure 37. 
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Table 16: Economic value of ore lost due to Kriging misclassification. 

Au Variable Number of 

blocks 

Mean grade 

(g/t) 

Ore volume 

(m3) 

Ore tonnage 

(t) 

Metal content 

(oz Au) 

No error 9 1.930 9000 24300 1508.006 

10% Error 11 1.960 11000 29700 1871.768 

20% Error 13 1.960 13000 35100 2212.090 

30% Error 14 1.960 14000 37800 2382.251 

40% Error 14 2.000 14000 37800 2430.868 

50% Error 16 2.100 16000 43200 2917.042 

 

 

Table 17: Economic value of ore lost due to SVC misclassification. 

Au Variable Number of 

blocks 

Mean grade 

(g/t) 

Ore volume 

(m3) 

Ore tonnage 

(t) 

Metal content 

(oz Au) 

No error 15 1.930 15000 40500 2513.344 

10% Error 16 1.960 16000 43200 2722.572 

20% Error 15 1.920 15000 40500 2500.321 

30% Error 15 2.000 15000 40500 2604.502 

40% Error 11 2.280 11000 29700 2177.363 

50% Error 10 2.000 10000 27000 1736.334 
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Figure 37: Percentage of ore value lost. 
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Chapter 5 

Conclusion And Recommendation 

The aim of this research was to identify how the performance of grade control in open pit mining 

could be improved using machine learning in comparison to current industry methods. The Support 

Vector Classification (SVC) algorithm served as a supervised machine learning method to 

categorize mined materials by creating a model using training data and then predicting the 

outcomes on an unseen data once the model's test data accuracy was satisfactory. Tuning 

hyperparameters associated with the kernel was essential to achieve the optimal hyperparameters 

that effectively delineate the decision boundary. Additionally, Ordinary Kriging (OK) was utilized 

as another grade control method to evaluate current industry practices against the SVC model. 

Since we do not know the actual grade distribution of the variables in space, the grades were 

simulated using a sequential gaussian simulation (sgsim) workflow which was used as a 

benchmark against which the two grade control models (SVC and OK) were compared. 

Another objective of this study was to evaluate the impact of sampling errors on the effectiveness 

of a grade control model since this phenomenon is quite common in operation and is almost 

inevitable. Five levels of random noises, representing sampling errors, were added to the original 

variable, and applied in the development of both SVC and Kriging models. Two case studies with 

real production data were constructed to implement these models. 

This chapter discusses the conclusions that can be drawn from this work and proposes several lines 

of research to investigate issues that arose from the study. 
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5.1 Conclusion  

Traditionally, mines employ estimation for grade control, with kriging methods being widely 

favored. It is a simple workflow that uses less time to process. This method exceled in generating 

reliable grade predictions at locations without sampled data. However, the estimates derived from 

kriging and similar deterministic interpolation approaches tend to exhibit smooth characteristics, 

lacking the ability to capture the full spectrum of uncertainty present in input grades. Grade control 

estimation models are typically created individually for each variable, and subsequently, they are 

employed in delineating excavation limit lines after the application of a cut-off grade. A theoretical 

experiment detailed in Chapter two and the two case studies in Chapter four exemplify the 

application of ordinary kriging in grade control. 

The use of Support Vector Classification (SVC) in grade control is proving to be a valuable tool in 

mining operations. Through its ability to optimize the decision boundary or ore and waste blocks, 

SVC contributes to optimizing resource extraction processes. The performance of the trained 

model on both test and unseen data provided satisfactory results indicating a robust model 

generated. The time spent on training the model was a huge factor which varied from bench to 

bench depending on the number of samples used and the number of bootstrapping repetitions 

employed to choose the optimum hyperparameters. Benches with less samples (bottom benches) 

utilized less time to train whiles those with larger sample numbers (top benches) required more 

processing times. Also, the number of bootstrapping iterations used was directly proportional to 

the amount of time spent to process the model in each bench. In the first case, the time spent on 

training bench 3964 (for no added error) was about five hours whiles the variables with added 

errors took about fifteen hours to train due to the twenty realizations of the error we generated.  
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Another point worth to mention is the tuning of the optimum hyperparameters. This was a very 

important step and hence all possible values within the defined range had to be explored which 

was time consuming. It was essential to select a pair of values that did not overfit the data and not 

underfit. Assessing the performance of the model using a balanced accuracy enabled us to evaluate 

the accuracy of each class independently and then averaging them with the help of a confusion 

matrix. 

Both methods, Support Vector Classifier (SVC) and Ordinary Kriging (OK), demonstrated decent 

results, achieving close to 90% accuracy in their predictions. In both case studies, the Kriging 

model exhibited approximately 8.5% misclassification of blocks, while the Support Vector 

Machine (SVC) showed a slightly higher misclassification rate of about 10.5% across the two 

scenarios. This level of accuracy indicates the effectiveness of both approaches in modeling and 

predicting ore tonnage or other relevant variables. However, SVC encountered challenges in 

accurately determining the boundary to represent the tonnage of ore, particularly when the samples 

contained errors. Interestingly, the boundary created by SVC exhibited counterintuitive behavior, 

improving in accuracy as the samples contained more errors, which could pose challenges in 

practical applications. In contrast, OK systematically outperformed SVC in terms of accuracy and 

reliability in representing ore tonnage. This performance trend aligns with best practices in mine 

operations, where accurate estimation of ore reserves is crucial for planning and decision-making 

processes. It is worth mentioning that despite its robustness to sampling errors, OK's superiority 

highlights the significant financial losses incurred by mining operations due to misclassification. 

The substantial amount of metal left behind because of misclassification emphasizes the urgent 

need for improvements in sampling practices, as even marginal improvements can yield 

considerable financial benefits and optimize resource extraction processes. 



млф 
 

In all cases examined, the Ordinary Kriging method for grade control exhibits superior 

performance relative to Support Vector Classification (SVC). While Support Vector Classification 

currently trails closely behind Ordinary Kriging, this gap may narrow in the coming years as 

technology and machine learning continue to advance. 

The impact of sampling errors showed that an erratic data can adversely affect the grade control 

model by introducing more misclassifications. Both Kriging and SVC models exhibited decreases 

in balanced accuracy for classified blocks when sampling errors were introduced into the dataset. 

The cases discussed in Chapter Four illustrate that, on average, the performance of both Kriging 

and SVC models decreased by 3.5% when sampling errors were incorporated into the data. The 

higher the error level, the more misclassification occurs and the less the accuracy.  

5.2 Limitations 

The use of a novel machine learning algorithm did not come without challenges. Training an SVC 

model can be computationally intensive, especially for large datasets. As the dataset size increases, 

the training time for Support Vector Classification (SVC) may become more time-intensive, 

particularly for extensive drillhole datasets like the one used in this work. This phenomenon even 

gets aggravated when dealing with multiclass problems, where the number of targets surpasses 

two. Unlike certain classifiers, such as the decision tree classifier, SVC follows a non-traditional 

modeling scheme, making it relatively demanding for multi-class scenarios (G®ron, 2019). 

Algorithms become computationally expensive, and the risk of overfitting to noise in the data rises.  

Additionally, the effectiveness of Support Vector Classification (SVC) is influenced by the choice 

of its kernel and associated hyperparameters. It is imperative to carefully choose a suitable kernel 

as improper selections may lead to less-than-optimal performance. Inadequate kernel choices or 

poorly tuned hyperparameters can adversely affect classification accuracy and the model's ability 
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to generalize. Hence, thorough consideration and experimentation with various kernels and 

hyperparameter values are indispensable for enhancing SVC's performance on specific datasets. 

The sensitivity to kernel selection underscores the significance of thoughtful model configuration 

to attain successful classification outcomes. Optimal hyperparameter choices, including the 

regularization hyperparameter (C) and kernel hyperparameters, play a pivotal role in achieving 

high-performance results.  

Finally, Support Vector Classification (SVC) often generates point predictions without inherently 

quantifying prediction uncertainties. This characteristic is a significant limitation, especially in 

applications where a comprehensive understanding of the model's uncertainty is crucial for 

decision-making. Without a natural exploration of uncertainty, SVC may not provide a complete 

picture of the reliability or confidence associated with its predictions. In scenarios where 

uncertainty assessment is paramount, other modeling approaches or modifications to SVC, such 

as incorporating probabilistic frameworks, may be necessary to address this limitation effectively. 

The constrained exploration of uncertainty underscores the need for a nuanced consideration of 

the application context when choosing classification models. 

5.3 Recommendations 

Ore and waste delineation in grade control is especially important to mining operations. Millions 

of capitals can be lost if mined materials are sent to the wrong destinations. The existing methods 

in the industry such as ordinary and sequential gaussian simulation are getting the job done, 

however, an approach that further optimizes the material delineation process and reduced ore loss 

and dilution will be much helpful to the industry.  

With Support Vector Classification (SVC), exploring other kernel functions, such as polynomial 

function, during the modeling process will be essential to identify the most suitable kernel for the 
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ore body's geological characteristics. Even though the radial basis kernel function used in this 

study excelled at capturing the non-linear relationships often present in geological datasets, 

polynomial kernels also provide flexibility for capturing features in the data. Experimenting with 

different kernels allows for a more nuanced understanding of the underlying geological structures 

and helps tailor the model to the specific complexities of the ore body being studied. 

Investigating ensemble methods, which involve combining multiple Support Vector Classification 

(SVC) models or integrating them with other classifiers, presents an avenue for enhancing overall 

classification performance. Ensemble techniques, such as bagging or boosting, can leverage the 

strengths of diverse models to collectively yield more robust and accurate predictions. Combining 

the outputs of multiple SVC models can mitigate individual model weaknesses and enhance the 

model's generalization capabilities. Additionally, integrating SVC with complementary classifiers 

such as the decision tree classifiers may exploit the unique strengths of each, creating a synergistic 

effect. Experimenting with ensemble approaches allows for a comprehensive exploration of 

strategies to optimize the classification performance of SVC in diverse geological scenarios. 
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Appendix A 

 

A-1.1 The Effect of Blasting 

Although this thesis is premised on pre-blast material classification, one needs to understand the 

complexities blasting adds to grade control and how blast induced rock movement is measured. 

After tremendous work has been done to define and model the distribution of minerals in a rock 

mass, the rock undergoes a comminution process before the mineral is sent to the mill. For most 

scenarios, the first stage of the comminution process is blasting, and this allows efficient 

excavation and haulage after the rock has been fragmented. Blasting is done using explosives 

inserted into holes drilled in the rock. Upon detonation, the chemical energy in the explosive is 

released, and the solid explosive becomes transformed into a pressurized gleaming gas that shatters 

and move rocks in the path of least resistance and causing rocks to be displaced from their original 

position (Hustrulid, 2011). Lawrence (1944), Thornton (2009) and Zhang (2016) provide more 

information on the detonation theory and the mechanics of rocks breakage. This movement is 

detrimental to the accurate delineation of the predefined ore and waste zones and could lead to ore 

loss and dilution if not accounted for. Figure 38 illustrates how ore loss and dilution can occur due 

to ore block movement. 

Understanding material movement during a blast has always been an intriguing area to mine 

operators, especially where there is no clear visual distinction between ore and waste. Various 

methods used have demonstrated a mixture of success and some limitations. Traditional methods 

of understanding the movement of the rock was to compare and contrast pre and post blast 

topographic surfaces (Vasylchuk & Deutsch, 2018). Meanwhile, some organizations allow a 

considerable amount of dilution factor in their pit optimization process to account for material 
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movement. Two main approaches used to measure or model blast movement are the direct 

measurements based on the use of physical markers, and indirect measurements such as numerical 

modelling. 

 

 

Figure 38: Ore loss and dilution during blast. Source: (D. Thornton et al., 2005). 

 

A-1.1.1 Direct Blast Movement Measurement 

The Use of Visual Markers 

This type of measurement involves the application of physical markers to track material movement 

such as the use of visual markers and remote sensing devices. Visual markers encompasses objects 

such as sandbags, chains or pipes which are inserted into the rock before blasting and their post 

blast location identified and measured (Rosa & Thornton, 2011). In their research, Taylor (1995) 

and Zhang (1994) appraised the use of sandbags and wooden stakes as markers for rock 

displacement during blasting. Results indicate that even though these visual markers are simple, 

cheaper, and relatively accurate, only about forty percent (40%) of the markers were recovered 
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and it took several days for all the bags to be found. A more common industrial approach is the use 

of plastic pipes inserted into additional holes drill within the blast area. And as the pipes are 

exposed during excavation, their locations are surveyed. For bench-by-bench excavation, the 

process is repeated for each level. Figure 39 shows an example of a recovered pipe after blasting. 

As simple as this method is to execute, it does not allow the proper design and adjustment of dig 

polygons prior to excavation because data for processing is not available until the markers are 

found and the ore has been excavated (Fitzgerald et al., 2011). The use of the poly pipes also 

presents several limitations including the generation of only two-dimensional vector 

measurements, poor recovery of pipes for lower-level benches and it being labor-intensive. It must 

however be noted that the use of markers is an ad-hoc approach, and not many of such are 

published in literature. 

 

 

Figure 39: Pipe recovered after blasting Source: (Rosa & Thornton, 2011) 

Polypipe 

exposed 

after 

excavation. 
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Remote Sensing Devices 

A modern approach to directly measure blast movement is the use of remote detecting equipment. 

This is an electronic method that aims at alleviating some of the limitations of visual methods. In 

remote sensing methods, metallic or magnetic targets are used instead of marker bags or pipes, and 

their post blast locations identified using remote sensing or electronic devices. Various methods 

have been tested including Ground Penetrating Radar, Magnetometry, Metal detection and 

recently, the Radio frequency (RFID) tags (Thornton, 2009). However, most suffer limitations such 

as damage of targets by excavators, use of only one target in each hole and or targets must be 

placed close to the surface or on the surface, which is detrimental to accurately measure movement 

dynamics. 

By far, a remote sensing approach that has proven highly effective and is the most accurate method 

of blast-induced rock movement monitoring is the blast movement monitoring (BMM) device. 

This method is used in mines such as the Husab Uranium mining project in Namibia, the second 

largest world producer of uranium (Yu et al., 2019). Developed by a team of researchers from the 

University of Queensland and later commercialized under the Blast Movement Technologies 

(BMT), the BMM system comprise of transmitters that are installed in separate holes drilled 

between blastholes and are held in place by drill cuttings or stemming (Fitzgerald et al., 2011). 

After the blast, the transmitters are located with a special detector and the data is processed with 

all purpose-designed software. The structure of a modern BMM device is shown in Figure 40. The 

BMM ball can be detected to a depth of around 25 m after blasting. Once the horizontal location 

of the ball is pinpointed, the signal is recorded to determine the depth below the surface, and then 

the three-dimensional (3D) movement vectors are calculated. The 3D movement vectors obtained 

is then applied to the ore block boundaries determination by the system software with results 
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usually ready within an hour or two after the blast (Adam & Thornton, 2004). With a battery life 

of 12 hours and more, and excellent detection rates of about ninety per cent (90%), the BMM 

system has proven to be highly effective and practical for grade control.  
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Figure 40: The blast movement monitoring system. Source: (Yu, Shi, Zhou, Rao, et al., 2019). 

 

όa) BMM ball: contains 

transmitters that emit 

electromagnetic signals which is 

detected by the BMM detector. 

(b) BMM activator: activates the 

BMM ball prior to the blast.   

(c) BMM detector: locates the 

BMM ball after the blast. 

(d) BMM explorer: computer 

software that does the post blast 

ore boundary calculations. 
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A-1.1.2 Indirect Blast Movement Measurement 

Indirect measurement involves the use of algorithms and software to infer the movement of rocks 

based on data and other field parameters collected (Vasylchuk & Deutsch, 2018). In most cases, 

the post blast topographic surface is traced and compared to the pre-blast topography and an 

approximate blast movement model is developed. In this section, we considered numerical 

simulated models and machine learning (ML) models.  

Numerical Modelling 

Early attempts to numerically model blast movement were hindered by computational capability. 

Early blast movement models developed included the Universal Distinct Element Code (UDEC) 

by Cundall (1980) which attempts to model by simulating behavior of jointed rock masses 

subjected to high and transient loadings; the Block and Bump model by (Schamaun, 1986) where 

blast movement is represented by blocks and circles and where the dynamic movement of rock 

particles is controlled by parameters such as the geological characteristics of mine benches, shapes 

and sizes of the particles, and cohesive forces between rock particles. The advanced Distinct 

Motion Code (DMC) model presented by (Preece et al., 1997) allowed the incorporation of the 

properties of explosives for modeling the motion of rocks.  

Having mentioned that, in recent years, simple and efficient models have been developed such as 

the simple blast movement model by Furtney et al. This model illustrates, among other things, how 

the chemical energy of the explosive is distributed during blasting and how it impacts the 

displacement of rocks. The model could predict the face velocities using generic rock properties 

as inputs within a certain degree of accuracy. Detail of this work can be found in (Furtney et al., 

2013). In 2018, Vasylchuk and Deutsch described a blast movement model using pre and post blast 

topographic features. In the model, the algorithm proposed translated the pre-blast grid locations 
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to post-blast locations, and a 3D model of the post blast muck pile was created. Post-blast locations 

were inferred from discretized pre-blast locations. Figure 41 shows the pre and post blast models 

generated by their algorithm. In 2019, Vasylchuk and Deutsch advanced their research by 

developing an empirical optimization algorithm that incorporates the use of direct measurements 

to topographic monitoring. Results from a fabricated scenario demonstrated the modelôs ability to 

map pre-blast grade onto post-blast muck pile within a reasonable time and still honored 

information about blast movement. 

 

 

Figure 41: Pre (left) and post (right) blast 3D models with assigned grades Source: (Vasylchuk 

& Deutsch, 2018). 

Despite the interesting approach of numerically modelling blast movement, it also draws legitimate 

concerns. Some of which are the uncertainties in the blast parameters, lack of absolute knowledge 

of the geological features, fracture locations and mechanical properties of the rock (Vasylchuk & 

Deutsch, 2019). According to Yu et al. (2019), theoretical calculations and numerical simulations 

do not provide accurate blast-induced rock movement measurements. The discrepancy between a 

modelled and a measured blast movement was tested by Rosa and Thornton (2011) and the error 

margin was from 1 to 7 meters which is estimated to be equivalent to a loss of about 2.2 to 4.8 

million dollars. They further suggested that blast models should be validated with actual pre and 

post blast bench configurations. 
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Machine Learning Methods  

In the attempt to monitor rock movement after blasting, Yu et al. (2019) proposed three new hybrid 

models of Support Vector Machines (SVR); a genetic algorithm (GA), an artificial bee colony 

algorithm (ABC), a cuckoo search algorithm (CS), abbreviated as the GA-SVR, ABC-SVR and 

CS-SVR respectively. Eight blasting parameters were used as input variables to develop the model: 

rock type, number of free faces, first centerline distance, hole diameter, power factor, spacing, 

subdrill and initial depth of monitoring, and horizontal blast-induced rock movement was the 

output variable. The use of a hybrid algorithm aided in finding optimal hyperparameters for the 

final model: i.e gamma (g) and the penalty factor (C). The best performing model was selected by 

examining the three models. Data collected for all algorithms were divided into training and testing 

for validation and comparison. 

The GA-SVR model was designed by simulating the biological process of evolution where the 

adaptive abilities of organisms were employed to generate a group of adapted individuals after 

continued evolution. The behavior of scout honeybees in finding food sources close to the hive 

inspired the development of ABC-SVR model. Finally, the CS-SVR was inspired by how the 

cuckoo bird searches, lays, and hatches its eggs in the nest of another bird considered as the host 

bird. During calculation, a Levy flight method is used in the search for new nests in the CS 

algorithm. Figure 42 shows the framework of the proposed models. Details of this work can be 

found in (Yu et al., 2019). 
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Figure 42: Model framework of GA-SVR, ABC-SVR and CS-SVR Source: (Yu, Shi, Zhou, Rao, 

et al., 2019). 

In the second case, three original machine learning techniques: support vector regression (SVR), 

the Gaussian process (GP), and the extreme learning machine (ELM) were used to develop a 

predictive model for blast movement. The genetic algorithm (GA) and a whale optimization 

algorithm (WOA) were used in place of the trial-and-error method, to obtain the optimal 

hyperparameter search. The ELM, based on neural network theory, was used for its fast-learning 

ability and good generative performance. The only hyperparameter tuned was the number of 

neurons. Having extended support vector machine (SVM) from just solving classification but to 

also solve regression problems, SVR was used. Hyperparameters were g and C as mentioned in 

section above. GP is a nonparametric model based on random parameters in a gaussian distribution. 

The mean and covariance functions make up the hyperparameter. The metaheuristic algorithms 

used were also inspired by natural phenomena just as in the previous case. The GA algorithm used 
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is like the one described in the above scenario, and WOA algorithm is designed from the predating 

nature of whales in the ocean. Like the other swarm-based algorithms, mathematical models 

inspired by these phenomena are utilized to reduce the error between the predicted values and real 

values, and the process is terminated when the set error level is reached. Details of this work can 

be found in (Yu et al., 2021). 

Results from respective case studies show that GA-SVR and WOA-GP models performed better 

in predicting post blast material movements. 

The machine learning approach discussed have proven been effectual in predicting material 

movement, reducing misclassification, and subsequently providing dig limits for shovels and 

reducing losses. The data collected from direct measurement was almost consistent with the 

predicted values of the ML model. Even though the approach is novel, it sets the tone for further 

exploration of its use for blast movement monitoring. 
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Appendix B 

This section contains the images of the parameter files used in GSLIB and the results of the rest 

of the benches (as well added error variables) that was not included in first case study of chapter 

four. 

 

Figure 43: Parameter file for de-clustering (declus.exe). 

 

 

Figure 44: Parameter file for normal score transformation (nscore.exe). 

 

 

Figure 45: Parameter file for nscore directional variogram model (vmodel.exe). 
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Figure 46: Parameter file for nscore directional variogram calculation for sgsim (gamv.exe). 
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Figure 47: Parameter file for nscore omni-directional variogram calculation for sgsim 

(gamv.exe). 

 

 

Figure 48: Parameter file for nscore omni-directional variogram model for sgsim (gamv.exe). 
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Figure 49: Parameter file for sequential gaussian simulation (sgsim.exe). 
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Figure 50: Parameter file for omni-directional variogram calculation (gamv.exe) for kriging. 

 

 

Figure 51: Parameter file for omni-directional variogram model (vmodel.exe) for kriging. 
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Figure 52: Parameter file for ordinary kriging (kt3d.exe). 

 

             

          (a)Histogram of BH data for Bench 3940        (b) Histogram of simulated data (B_3940) 










































