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Abstract 

 

This thesis investigates the application of pattern recognition techniques to rock type 

recognition using monitoring-while-drilling data. The research is focused on data from a 

large electric blasthole drill operating in an open-pit coal mine. Pre-processing and 

normalization techniques are applied to minimize potential misclassification issues. Both 

supervised and unsupervised learning is employed in the classifier design: back-

propagation neural networks are used for the supervised learning, while self-organizing 

maps are used for unsupervised learning. A variety of combinations of drilling data and 

geophysical data are investigated as inputs to the classifiers. The outputs from these 

classifiers are evaluated relative to the rock classification made by a commercially 

available rock type recognition system, as well as relative to independent labelling by a 

geologist.  Classifier performance is improved when drilling data used as inputs are 

augmented with geophysical data inputs. By using supervised learning with both drilling 

and geophysical data as inputs, the misclassification of coal, as well as of the non-coal 

rock types, is reduced compared to results of current commercial recognition methods. 

Moreover, rock types which were not detected by the previous methods were successfully 

classified by the supervised models.  



 ii

 

Acknowledgement 

 

I would like to thank everyone in the Department of Mining Engineering who has helped 

me in this research, starting with my supervisor Dr. Laeeque Daneshmend for his support 

and guidance during the development of this thesis. I would also like to thank Dr. 

Jonathan Peck, my co-supervisor, for providing the data used in this thesis, as well as 

interpreting the geophysical logs. 

 

I would like to thank all professors and staff in the department, especially Professor 

Garston Blackwell and Dr. Takis Katsabanis, from whom I learned so much about a field 

which was new for me.  

 

I would like to thank my friends in Canada and Chile for their friendship, loyalty, and 

staying with me when I have needed them, no matter the circumstances.  

 

I would like to thank my whole family: my father, Jorge, my mother, Haydeé, my sister 

Catalina, and my brother, Pablo, for their invaluable love, help and support during the 

time I have been living far away from my country. 

 

I would like to thank the financial support provided by the George C. Bateman and J. J. 

Denny Graduate Fellowship, as well as funding from the Natural Sciences and 



 iii

Engineering Research Council of Canada (NSERC) provided via NSERC grant support to 

Dr. Daneshmend. 

 

Finally, I would like to thank someone who has become so important for me and, without 

her support and love, everything would be more difficult; my girlfriend Mari who has 

been with me during good and bad times, and I hope she will be with me forever. 



 iv

 

Table of Contents  

Abstract ............................................................................................................ i 

Acknowledgement.............................................................................................. ii 

Table of Contents .............................................................................................. iv 

List of Tables ..................................................................................................... ix 

List of Figures................................................................................................... xv 

Nomenclature................................................................................................. xxiii 

Chapter 1: Introduction...................................................................................... 1 

1.1 Problem Definition ................................................................................................................................. 1 

1.2 Methodology ........................................................................................................................................... 3 

1.3 Thesis Overview...................................................................................................................................... 4 

1.4 Thesis Structure ..................................................................................................................................... 5 

Chapter 2: Literature Review ............................................................................. 7 

2.1 Principal Component Analysis.............................................................................................................. 7 

2.2 Smoothing Windowing Technique...................................................................................................... 10 



 v

2.3 Statistical Cluster ................................................................................................................................. 12 

2.3.1 K-Means Clustering method........................................................................................................12 

2.3.2 Hierarchical Clustering Method ..................................................................................................14 

2.4 Neural Network .................................................................................................................................... 18 

2.4.1 Supervised Learning Neural Networks........................................................................................20 

2.4.2 Unsupervised Learning Neural Networks....................................................................................25 

2.4.2.1 Competitive Neural Network............................................................................................ 25 

2.4.2.2 Self-Organizing-Map Neural Network ............................................................................. 27 

2.5 Specific Energy Concepts applied on Rock Recognition................................................................... 33 

2.5.1 Background .................................................................................................................................33 

2.5.2 Real Applications in Rock Recognition.......................................................................................35 

2.6 Monitoring-While-Drilling applied on Rock Recognition ................................................................ 36 

2.6.1 Drilling Machine Data and Geological Characteristics ...............................................................36 

2.6.2 Benefits of Monitoring-While-Drilling .......................................................................................46 

Chapter 3: Data Set & Pre-Processing............................................................ 49 

3.1 Data Set ................................................................................................................................................. 49 

3.1.1 Data Characteristics.....................................................................................................................49 

3.1.2 Lithology .....................................................................................................................................50 

3.1.3 Sampling Rate .............................................................................................................................51 

3.1.4 Geophysical Data.........................................................................................................................52 

3.2 Filtering of Raw Data and Normalization.......................................................................................... 52 

3.2.1 Filtering Procedure ......................................................................................................................52 

3.2.2 Data Normalization .....................................................................................................................55 

3.3 Selection of Features ............................................................................................................................ 56 



 vi

3.3.1 Preliminary Selection ..................................................................................................................56 

3.3.2 Principal Component Analysis ....................................................................................................58 

3.3.3 Robustness of Principal Component as Rock-Type Indicator .....................................................68 

3.4 Windowing Techniques Applied to Rock Recognition...................................................................... 70 

3.4.1 Selection of FPC as the Windowed Variable...............................................................................70 

3.4.2 Smoothing and Decimation Windowing Technique....................................................................72 

3.4.3 Variance Window Method...........................................................................................................75 

Chapter 4: Backpropagation Neural Networks Applied to Rock Type 

Recognition .................................................................................... 82 

4.1 Introduction to Backpropagation Neural Networks ......................................................................... 82 

4.2 Data Normalization for BP ANN ........................................................................................................ 84 

4.3 Backpropagation Neural Network Training Data & Settings .......................................................... 85 

4.4 BP NN Results – Torque & Penetration Rate as Inputs ................................................................... 87 

4.5 BP NN Design and Implementation – adding Geophysical Density as Inputs ................................ 93 

4.6 BP NN Results – Torque and Penetration Rate Plus Geophysical Density as Inputs .................... 95 

Chapter 5: Clustering Techniques Applied to Rock Recognition................. 99 

5.1 Clusters in the Data Set ....................................................................................................................... 99 

5.2 Investigation of the K-Means Clustering Method ........................................................................... 102 

5.3 Investigation of Self-Organizing-Maps (SOMs) .............................................................................. 104 

5.3.1 Training Data Sets and SOM settings........................................................................................105 

5.3.2 Results of Applying SOMs........................................................................................................108 



 vii

5.3.2.1 3-class SOM: Torque & Penetration Rate....................................................................... 110 

5.3.2.2 3-class SOM: Torque, Penetration Rate, and Density..................................................... 111 

5.3.2.3 4-class SOM: Torque & Penetration Rate....................................................................... 115 

5.3.2.4 4-class SOM: Torque, Penetration Rate & Density ........................................................ 118 

5.3.2.5 5-class SOM: Torque & Penetration Rate....................................................................... 121 

5.3.2.6 5-class SOM: Torque, Penetration Rate, & Density ....................................................... 123 

Chapter 6: Further Investigation of Self-Organizing Maps ......................... 127 

6.1 Clustering Analysis of Geophysical Density Log Data.................................................................... 127 

6.2 Study of Density Log Correlation ..................................................................................................... 131 

6.3 Final Conclusions for the Self-Organizing-Map Network .............................................................. 135 

6.4 Sensitivity of SOM to Sorting of Training Data .............................................................................. 140 

6.4.1 New Training Data Sets.............................................................................................................141 

6.4.2 Results and Analyses .................................................................................................................142 

Chapter 7: Evaluation of Backpropagation Networks with SOM-Generated 

Targets.......................................................................................... 152 

7.1 Cases Analyzed and Backpropagation Network Settings ............................................................... 152 

7.2 Analyses and Results.......................................................................................................................... 154 

7.3 Performance of Cases with Geophysical data used only for Targets and Torque and Penetration 

Rate as Inputs ..................................................................................................................................... 157 

7.4 Performance of Cases with Geophysical data used for Targets and Inputs.................................. 159 

7.5 Comparative Performance of all Classifiers relative to Hand-labelling of EZ-5314.................... 162 



 viii

Chapter 8: Conclusions & Recommendations............................................. 165 

8.1 Primary Contributions & Conclusions............................................................................................. 165 

8.2 Recommendations for Future Work................................................................................................. 167 

8.2.1 Signal Processing.......................................................................................................................168 

8.2.2 Other Rock Properties and Geological Structures .....................................................................168 

8.2.3 Blast Damage.............................................................................................................................169 

8.2.4 Bit Wear ....................................................................................................................................169 

References ...................................................................................................... 170 

Appendix A: Tables ........................................................................................ 179 

A.1 Backpropagation Network trained with Aquila Targets ................................................................ 179 

A.2 Backpropagation Network trained with SOM-classification targets............................................. 185 

Appendix B: Rotary Electric Blasthole Drill Bucyrus 49R .......................... 189 

 

 



 ix

 

List of Tables 

 

TABLE 2-1: RQD INDEX (SCHUNNESSON, 1996). ................................................................................ 40 

TABLE 3-1: CORRELATION BETWEEN AQUILA CLASSIFICATION, AND FPC AND SPC. ........... 63 

TABLE 4-1: TRAINING DATA SETS. ....................................................................................................... 86 

TABLE 4-2: OVERALL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE 

& PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT PERCENTAGES OF 

TRAINING DATA, RELATIVE TO AQUILA BASELINE. ................................................ 91 

TABLE 4-3: COAL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE & 

PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT PERCENTAGES OF 

TRAINING DATA, RELATIVE TO AQUILA BASELINE. ................................................ 91 

TABLE 4-4: OVERALL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE 

& PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT PERCENTAGES OF 

TRAINING DATA, RELATIVE TO BP NETWORK WITH 100% TRAINING DATA. .... 92 

TABLE 4-5: OVERALL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE, 

PENETRATION RATE, AND GEOPHYSICAL DENSITY AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. ............................................................................................................................ 97 

TABLE 4-6: COAL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE, 

PENETRATION RATE AND GEOPHYSICAL DENSITY AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. ............................................................................................................................ 97 

TABLE 4-7: OVERALL CLASSIFICATION ACCURACY FOR BP NETWORK BASED ON TORQUE, 

PENETRATION RATE AND GEOPHYSICAL DENSITY AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO BP NETWORK 

WITH 100% TRAINING DATA. .......................................................................................... 98 



 x

TABLE 5-1: OVERALL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED 

ON TORQUE & PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 

PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA BASELINE............ 110 

TABLE 5-2: COAL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED ON 

TORQUE & PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT PERCENTAGES 

OF TRAINING DATA, RELATIVE TO AQUILA BASELINE......................................... 110 

TABLE 5-3: OVERALL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED 

ON TORQUE & PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 

PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM TRAINED WITH 100% 

OF TRAINING DATA......................................................................................................... 111 

TABLE 5-4: OVERALL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED 

ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 113 

TABLE 5-5: COAL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED ON 

TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 113 

TABLE 5-6: OVERALL CLASSIFICATION COMPARISON FOR 3-CLASS SOM NETWORK, BASED 

ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM TRAINED 

WITH 100% OF TRAINING DATA. .................................................................................. 113 

TABLE 5-7: COAL CLASSIFICATION COMPARISON FOR 4-CLASS SOM NETWORK, BASED ON 

TORQUE AND PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 

PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA BASELINE. ........... 116 

TABLE 5-8: OVERALL CLASSIFICATION COMPARISON FOR 4-CLASS SOM NETWORK, BASED 

ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 



 xi

PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM TRAINED WITH 100% 

OF TRAINING DATA. ........................................................................................................ 116 

TABLE 5-9: COAL CLASSIFICATION COMPARISON FOR 4-CLASS SOM NETWORK, BASED ON 

TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 120 

TABLE 5-10: OVERALL CLASSIFICATION COMPARISON FOR 4-CLASS SOM NETWORK, 

BASED ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, 

WITH 3 DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM 

TRAINED WITH 100% OF TRAINING DATA. ................................................................ 120 

TABLE 5-11: COAL CLASSIFICATION COMPARISON FOR 5-CLASS SOM NETWORK, BASED ON 

TORQUE AND PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 

PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA BASELINE. ........... 122 

TABLE 5-12: OVERALL CLASSIFICATION COMPARISON FOR 5-CLASS SOM NETWORK, 

BASED ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT 

PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM TRAINED WITH 100% 

OF TRAINING DATA. ........................................................................................................ 123 

TABLE 5-13: COAL CLASSIFICATION COMPARISON FOR 5-CLASS SOM NETWORK, BASED ON 

TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 123 

TABLE 5-14: OVERALL CLASSIFICATION COMPARISON FOR 5-CLASS SOM NETWORK, 

BASED ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2) AS INPUTS, 

WITH 3 DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO SOM 

TRAINED WITH 100% OF TRAINING DATA. ................................................................ 124 

TABLE 6-1: CORRELATION FACTORS FOR CROSS-CORRELATION ............................................. 134 



 xii

TABLE 6-2: COAL AND NON-COAL CLASSIFICATION FOR BLASTHOLE EZ-5314 MADE BY 3-, 

4-, & 5-CLASS SOM NETWORKS, RELATIVE TO HAND-LABELED BASED ON 

DENSITY LOG. ................................................................................................................... 139 

TABLE 6-3: DATA SET SORTED BY TORQUE AND DENSITY LOG................................................ 141 

TABLE 6-4: DATA SET SORTED BY RATE OF PENETRATION AND DENSITY LOG. .................. 142 

TABLE 6-5: 3- AND 4-CLASS SOM (TORQUE & PENETRATION RATE AS INPUTS) – 

COMPARISON OF OVERALL CLASSIFICATION PERFORMANCE FOR TRAINING 

DATA SORTED BY LINEAR CORRELATION OF TORQUE AND DENSITY, 

RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE 

CHAPTER 5). ....................................................................................................................... 143 

TABLE 6-6: 3- AND 4-CLASS SOM (TORQUE & PENETRATION RATE AS INPUTS) – 

COMPARISON OF OVERALL CLASSIFICATION PERFORMANCE FOR TRAINING 

DATA SORTED BY LINEAR CORRELATION OF PENETRATION RATE AND 

DENSITY, RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING 

(SEE CHAPTER 5)............................................................................................................... 144 

TABLE 6-7: 3- AND 4-CLASS SOM (TORQUE, PENETRATION RATE, & DENSITY AS INPUTS) – 

COMPARISON OF OVERALL CLASSIFICATION PERFORMANCE FOR TRAINING 

DATA SORTED BY LINEAR CORRELATION OF TORQUE AND DENSITY, 

RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE 

CHAPTER 5). ....................................................................................................................... 145 

TABLE 6-8: 3- AND 4-CLASS SOM (TORQUE, PENETRATION RATE, & DENSITY AS INPUTS) – 

COMPARISON OF OVERALL CLASSIFICATION PERFORMANCE FOR TRAINING 

DATA SORTED BY LINEAR CORRELATION OF PENETRATION RATE AND 

DENSITY, RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING 

(SEE CHAPTER 5)............................................................................................................... 146 

TABLE 6-9: 3- AND 4-CLASS SOM (TORQUE & PENETRATION RATE AS INPUTS) – 

COMPARISON OF COAL CLASSIFICATION PERFORMANCE FOR TRAINING DATA 



 xiii

SORTED BY LINEAR CORRELATION OF TORQUE AND DENSITY, RELATIVE TO 

SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE CHAPTER 5). ...... 147 

TABLE 6-10: 3- AND 4-CLASS SOM (TORQUE & PENETRATION RATE AS INPUTS) – 

COMPARISON OF COAL CLASSIFICATION PERFORMANCE FOR TRAINING DATA 

SORTED BY LINEAR CORRELATION OF PENETRATION RATE AND DENSITY, 

RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE 

CHAPTER 5) . ...................................................................................................................... 148 

TABLE 6-11: 3- AND 4-CLASS SOM (TORQUE, PENETRATION RATE, & DENSITY AS INPUTS) – 

COMPARISON OF COAL CLASSIFICATION PERFORMANCE FOR TRAINING DATA 

SORTED BY LINEAR CORRELATION OF TORQUE AND DENSITY, RELATIVE TO 

SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE CHAPTER 5). ...... 149 

TABLE 6-12: 3- AND 4-CLASS SOM (TORQUE, PENETRATION RATE, & DENSITY AS INPUTS) – 

COMPARISON OF COAL CLASSIFICATION PERFORMANCE FOR TRAINING DATA 

SORTED BY LINEAR CORRELATION OF PENETRATION RATE AND DENSITY, 

RELATIVE TO SAME SOM WITH ORIGINAL TRAINING DATA SORTING (SEE 

CHAPTER 5). ....................................................................................................................... 150 

TABLE 7-1: BP ANN CASES EVALUATED USING SOM TARGETS. ................................................ 153 

TABLE 7-2: OVERALL CLASSIFICATION AVERAGE BY CASES FOR 3-CLASS CASES, 

RELATIVE TO AQUILA LABELING................................................................................ 155 

TABLE 7-3: ROCK TYPE SENSIBILITY AVERAGE BY CLASSES FOR ALL OF CASES, RELATIVE 

TO THE BP ANN TRAINED USING 100% OF DATA IN EACH SEPARATE CASE.... 155 

TABLE 7-4: COAL SENSIBILITY AVERAGE BY CLASSES FOR ALL OF CASES, RELATIVE TO 

THE BP ANN TRAINED USING 100% OF DATA IN EACH SEPARATE CASE. ......... 155 

TABLE 7-5: OVERALL COAL CLASSIFICATION AVERAGE BY CLASSES FOR ALL OF CASES, 

RELATIVE TO AQUILA LABELING................................................................................ 156 

TABLE 7-6: PERFORMANCE OF VARIOUS CLASSIFIERS RELATIVE TO HAND-LABELING 

(GEOLOGIST’S LABELING) – BLASTHOLE EZ-5314................................................... 162 



 xiv

TABLE A-1: OVERALL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE & PENETRATION RATE AS INPUTS, WITH 4 DIFFERENT PERCENTAGES 

OF TRAINING DATA, RELATIVE TO AQUILA BASELINE. ........................................ 179 

TABLE A-2: COAL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE & PENETRATION RATE AS INPUTS, WITH 4 DIFFERENT PERCENTAGES 

OF TRAINING DATA, RELATIVE TO AQUILA BASELINE. ........................................ 180 

TABLE A-3: OVERALL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE & PENETRATION RATE AS INPUTS, WITH 3 DIFFERENT PERCENTAGES 

OF TRAINING DATA, RELATIVE TO BP NETWORK WITH 100% TRAINING DATA.

.............................................................................................................................................. 181 

TABLE A-4: OVERALL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE, PENETRATION RATE, AND GEOPHYSICAL DENSITY AS INPUTS, WITH 

4 DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 182 

TABLE A-5: COAL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE, PENETRATION RATE AND GEOPHYSICAL DENSITY AS INPUTS, WITH 4 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO AQUILA 

BASELINE. .......................................................................................................................... 183 

TABLE A-6: OVERALL CLASSIFICATION ACCURACY FOR 3-CLASS BP NETWORK BASED ON 

TORQUE, PENETRATION RATE AND GEOPHYSICAL DENSITY AS INPUTS, WITH 3 

DIFFERENT PERCENTAGES OF TRAINING DATA, RELATIVE TO BP NETWORK 

WITH 100% TRAINING DATA. ........................................................................................ 184 

TABLE A-7: ROCK TYPE SENSIBILITY FOR ALL OF CASES, RELATIVE TO THE BP ANN 

TRAINED USING 100% OF DATA IN EACH SEPARATE CASE. ................................. 185 

TABLE A-8: COAL SENSIBILITY AVERAGE FOR ALL OF CASES, RELATIVE TO THE BP ANN 

TRAINED USING 100% OF DATA IN EACH SEPARATE CASE. ................................. 186 

TABLE A-9: OVERALL COAL CLASSIFICATION FOR ALL OF CASES, RELATIVE TO AQUILA 

LABELING. ......................................................................................................................... 187 



 xv

 

List of Figures 

 

FIGURE 2-1: SCHEMA OF WINDOW DISPLACEMENT FOR SMOOTHING WINDOWING 

TECHNIQUE.......................................................................................................................... 11 

FIGURE 2-2: DENDOGRAM. ..................................................................................................................... 15 

FIGURE 2-3: BACKPROPAGATION NEURAL NETWORK DIAGRAM. .............................................. 20 

FIGURE 2-4: COMPETITIVE NETWORK SCHEMA. .............................................................................. 26 

FIGURE 2-5: GRID TOPOLOGY................................................................................................................ 28 

FIGURE 2-6: HEXAGONAL TOPOLOGY................................................................................................. 28 

FIGURE 2-7: RANDOM TOPOLOGY. ....................................................................................................... 29 

FIGURE 2-8: INFLUENCE ZONE FOR TWO DIFFERENT TIME INSTANCES.................................... 30 

FIGURE 2-9: SOM ANN LEARNING PROCESS. ..................................................................................... 32 

FIGURE 2-10: SOM NEURAL NETWORK OPERATION. ....................................................................... 32 

FIGURE 2-11: ROTATION DRILLING PROCESS.................................................................................... 34 

FIGURE 2-12: BOREHOLES AND BLASTHOLES DISTRIBUTION (SCOBLE, PECK, AND 

HENDRICKS, 1989). ............................................................................................................. 37 

FIGURE 2-13: RATE OF PENETRATION IN THE BLASTHOLE 837 AND ITS NEAREST GAMMA-

LOGGED BOREHOLE (SCOBLE, PECK, AND HENDRICKS, 1989)............................... 38 

FIGURE 2-14: RATE OF PENETRATION IN THE BLASTHOLE 718 AND ITS NEAREST GAMMA-

LOGGED BOREHOLE (SCOBLE, PECK, AND HENDRICKS, 1989)............................... 38 

FIGURE 2-15: FIRST AND SECOND PRINCIPAL COMPONENTS (SCHUNNESSON, 1996). ............ 42 

FIGURE 2-16: REAL AND PREDICTION OF RQD (SCHUNNESSON, 1996)........................................ 43 

FIGURE 2-17: COMPARISON BETWEEN REAL AND PREDICTED RQD (SCHUNNESSON, 1996). 44 

FIGURE 2-18: VARIATION OF RATE OF PENETRATION AND PULLDOWN FORCE (SEGUI AND 

HIGGINS, 2002)..................................................................................................................... 45 

FIGURE 3-1: DATA FILTERING ALGORITHM FLOWCHART. ............................................................ 54 



 xvi

FIGURE 3-2: PLOT OF DRILLING VARIABLES AND AQUILA ROCK TYPE - BLASTHOLE EL-

6115. ....................................................................................................................................... 56 

FIGURE 3-3: PLOT OF DRILLING VARIABLES AND AQUILA ROCK TYPE - BLASTHOLE EX-

3708. ....................................................................................................................................... 57 

FIGURE 3-4: PLOT OF DRILLING VARIABLES AND AQUILA ROCK TYPE - BLASTHOLE EZ-

5512. ....................................................................................................................................... 57 

FIGURE 3-5: FIRST PRINCIPAL COMPONENT AND AQUILA ROCK TYPE - BLASTHOLE EL-6115.

................................................................................................................................................ 60 

FIGURE 3-6: FIRST PRINCIPAL COMPONENT AND AQUILA ROCK TYPE - BLASTHOLE EX-

3708. ....................................................................................................................................... 60 

FIGURE 3-7: FIRST PRINCIPAL COMPONENT AND AQUILA ROCK TYPE - BLASTHOLE EZ-5512.

................................................................................................................................................ 61 

FIGURE 3-8: FIRST PRINCIPAL COMPONENT AND AQUILA ROCK TYPE - BLASTHOLE EL-5715.

................................................................................................................................................ 62 

FIGURE 3-9: SECOND PRINCIPAL COMPONENT AND AQUILA ROCK TYPE - BLASTHOLE EL-

5715. ....................................................................................................................................... 63 

FIGURE 3-10: COEFFICIENTS OF FIRST AND SECOND PRINCIPAL COMPONENTS - 

BLASTHOLE EL-5815 (FIRST PRINCIPAL COMPONENT NOT WELL CORRELATED 

WITH ROCK TYPE).............................................................................................................. 65 

FIGURE 3-11: COEFFICIENTS OF FIRST AND SECOND PRINCIPAL COMPONENTS - 

BLASTHOLE EX-3610 (FIRST PRINCIPAL COMPONENT WELL CORRELATED 

WITH ROCK TYPE).............................................................................................................. 65 

FIGURE 3-12: COEFFICIENTS OF FIRST AND SECOND PRINCIPAL COMPONENTS - 

BLASTHOLE EL-5715 (FIRST PRINCIPAL COMPONENT NOT WELL CORRELATED 

WITH ROCK TYPE).............................................................................................................. 66 

FIGURE 3-13: COEFFICIENTS OF FIRST AND SECOND PRINCIPAL COMPONENTS - 

BLASTHOLE EZ-5314 (FIRST PRINCIPAL COMPONENT NOT WELL CORRELATED 

WITH ROCK TYPE).............................................................................................................. 66 



 xvii

FIGURE 3-14: FIRST PRINCIPAL COMPONENT (WITH ONLY TWO VARIABLES – TORQUE AND 

PENETRATION RATE) FOR EL-5715. ............................................................................... 69 

FIGURE 3-15: FIRST PRINCIPAL COMPONENT (WITH ONLY TWO VARIABLES – TORQUE AND 

PENETRATION RATE) FOR EZ-5314. ............................................................................... 69 

FIGURE 3-16: PARETO ANALYSIS FOR PRINCIPAL COMPONENTS (WITH ONLY TWO 

VARIABLES – TORQUE AND PENETRATION RATE). .................................................. 71 

FIGURE 3-17: FIRST PRINCIPAL COMPONENT - SMOOTHED AND DECIMATED USING 

WINDOWING (SIZE 2), VERSUS ROCK TYPE LABELED BY AQUILA - BLASTHOLE 

EX-3610 (SAMPLED AT 5 HZ). ........................................................................................... 73 

FIGURE 3-18: FIRST PRINCIPAL COMPONENT - SMOOTHED AND DECIMATED USING 

WINDOWING (SIZE 10), VERSUS ROCK TYPE LABELED BY AQUILA - 

BLASTHOLE EX-3610 (SAMPLED AT 5 HZ). ................................................................... 73 

FIGURE 3-19: FIRST PRINCIPAL COMPONENT - SMOOTHED AND DECIMATED USING 

WINDOWING (SIZE 2), VERSUS ROCK TYPE LABELED BY AQUILA - BLASTHOLE 

EZ-5413 (SAMPLED AT 1 HZ). ........................................................................................... 74 

FIGURE 3-20: FIRST PRINCIPAL COMPONENT - SMOOTHED AND DECIMATED USING 

WINDOWING (SIZE 10), VERSUS ROCK TYPE LABELED BY AQUILA - 

BLASTHOLE EZ-5413 (SAMPLED AT 1 HZ). ................................................................... 74 

FIGURE 3-21: FIRST PRINCIPAL COMPONENT – PROCESSED USING VARIANCE WINDOWING 

(WITH WINDOW SIZE 2), VERSUS ROCK TYPE LABELED BY AQUILA- 

BLASTHOLE EL-6115 (SAMPLED AT 5 HZ). ................................................................... 76 

FIGURE 3-22: FIRST PRINCIPAL COMPONENT – PROCESSED USING VARIANCE WINDOWING 

(WITH WINDOW SIZE 10), VERSUS ROCK TYPE LABELED BY AQUILA - 

BLASTHOLE EL-6115 (SAMPLED AT 5 HZ). ................................................................... 76 

FIGURE 3-23: FIRST PRINCIPAL COMPONENT – PROCESSED USING VARIANCE WINDOWING 

(WITH WINDOW SIZE 2), VERSUS ROCK TYPE LABELED BY AQUILA - 

BLASTHOLE EZ-5314 (SAMPLED AT 1 HZ). ................................................................... 77 



 xviii

FIGURE 3-24: FIRST PRINCIPAL COMPONENT – PROCESSED USING VARIANCE WINDOWING 

(WITH WINDOW SIZE 10), VERSUS ROCK TYPE LABELED BY AQUILA- 

BLASTHOLE EZ-5314 (SAMPLED AT 1 HZ). ................................................................... 77 

FIGURE 3-25: FFT OF WINDOW SIGNAL FOR BLASTHOLE EL-6115 (5 HZ). .................................. 79 

FIGURE 3-26: FFT OF WINDOW SIGNAL FOR THE BLASTHOLE EZ-5314 (1 HZ)........................... 80 

FIGURE 3-27: FFT OF WINDOW SIGNAL FOR THE BLASTHOLE EL-5715 (5 HZ)........................... 80 

FIGURE 3-28: FFT OF WINDOW SIGNAL FOR THE BLASTHOLE EZ-5612 (1 HZ)........................... 81 

FIGURE 4-1: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EL-5815: BP NETWORK BASED 

ON TORQUE & PENETRATION RATE AS INPUTS WITH 25% TRAINING DATA 

(TOP), AND AQUILA (BOTTOM). ...................................................................................... 88 

FIGURE 4-2: ROCK TYPE CLASSIFICATION IN BLASTHOLE EZ-5314: BP NETWORK BASED ON 

TORQUE & PENETRATION RATE AS INPUTS WITH 25% TRAINING DATA (TOP), 

AND AQUILA (BOTTOM). .................................................................................................. 88 

FIGURE 4-3: ROCK TYPE CLASSIFICATION IN BLASTHOLE EX-3610: BP NETWORK BASED ON 

TORQUE & PENETRATION RATE AS INPUTS WITH 25% TRAINING DATA (TOP), 

AND AQUILA (BOTTOM). .................................................................................................. 89 

FIGURE 4-4: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EL-5815: BP NETWORK BASED 

ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL DENSITY AS INPUTS 

WITH 25% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .................................. 95 

FIGURE 4-5: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5314: BP NETWORK BASED 

ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL DENSITY AS INPUTS 

WITH 25% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .................................. 96 

FIGURE 4-6: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EX-3610: BP NETWORK BASED 

ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL DENSITY AS INPUTS 

WITH 25% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .................................. 96 

FIGURE 5-1: PLOT OF NORMALIZED TORQUE VERSUS NORMALIZED PENETRATION RATE - 

BLASTHOLE EX-3610........................................................................................................ 100 



 xix

FIGURE 5-2: PLOT OF NORMALIZED TORQUE VERSUS NORMALIZED PENETRATION RATE - 

BLASTHOLE EZ-3757. ....................................................................................................... 100 

FIGURE 5-3: PLOT OF NORMALIZED TORQUE VERSUS NORMALIZED PENETRATION RATE - 

BLASTHOLE EL-5815. ....................................................................................................... 101 

FIGURE 5-4: TWO BLASTHOLES AND THEIR LABELED (TRUE) ROCK TYPES (WHERE HIGHER 

ROCK TYPE NUMBERS INDICATE HARDER ROCK TYPE)....................................... 103 

FIGURE 5-5: ROCK TYPE CLASSIFICATION BY K-MEANS OF THE TWO HOLES IN FIGURE 5-4.

.............................................................................................................................................. 104 

FIGURE 5-6: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5314: 3-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL 

DENSITY AS INPUTS WITH 25% TRAINING DATA (TOP), AND AQUILA (BOTTOM).

.............................................................................................................................................. 112 

FIGURE 5-7: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5314: 3-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL 

DENSITY AS INPUTS WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM).

.............................................................................................................................................. 112 

FIGURE 5-8: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EL-5815: 3-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND GEOPHYSICAL 

DENSITY AS INPUTS WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM).

.............................................................................................................................................. 115 

FIGURE 5-9: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EL-5815: 4-CLASS SOM 

NETWORK BASED ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 80% 

TRAINING DATA (TOP), AND AQUILA (BOTTOM)..................................................... 117 

FIGURE 5-10: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EL-6115: 4-CLASS SOM 

NETWORK BASED ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 80% 

TRAINING DATA (TOP), AND AQUILA (BOTTOM)..................................................... 118 



 xx

FIGURE 5-11: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5314: 4-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE AND DENSITY AS INPUTS, 

WITH 25% TRAINING DATA (TOP), AND AQUILA (BOTTOM). ................................ 119 

FIGURE 5-12: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5314: 4-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE AND DENSITY AS INPUTS, 

WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM). ................................ 119 

FIGURE 5-13: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5711: 5-CLASS SOM 

NETWORK BASED ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 80% 

TRAINING DATA (TOP), AND AQUILA (BOTTOM)..................................................... 121 

FIGURE 5-14: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5611: 5-CLASS SOM 

NETWORK BASED ON TORQUE AND PENETRATION RATE AS INPUTS, WITH 80% 

TRAINING DATA (TOP), AND AQUILA (BOTTOM)..................................................... 122 

FIGURE 5-15: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5711: 5-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2)  

AS INPUTS, WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .......... 125 

FIGURE 5-16:  ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5611: 5-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2)  

AS INPUTS, WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .......... 125 

FIGURE 5-17: ROCK TYPE CLASSIFICATION FOR BLASTHOLE EZ-5612: 5-CLASS SOM 

NETWORK BASED ON TORQUE, PENETRATION RATE, AND DENSITY LOG (X2)  

AS INPUTS, WITH 80% TRAINING DATA (TOP), AND AQUILA (BOTTOM). .......... 126 

FIGURE 6-1: TORQUE VS. DENSITY FOR BLASTHOLE EL-6115. .................................................... 127 

FIGURE 6-2: PENETRATION RATE VS. DENSITY FOR BLASTHOLE EL-6115. ............................. 128 

FIGURE 6-3: TORQUE VS. DENSITY FOR BLASTHOLE EX-3708..................................................... 128 

FIGURE 6-4: PENETRATION RATE VS. DENSITY FOR BLASTHOLE EX-3708. ............................. 129 

FIGURE 6-5: TORQUE VS. DENSITY FOR BLASTHOLE EZ-5710. .................................................... 129 

FIGURE 6-6: PENETRATION VS. DENSITY FOR BLASTHOLE EZ-5710.......................................... 130 

FIGURE 6-7: CROSS-CORRELATION BETWEEN TORQUE AND DENSITY LOG. ......................... 132 



 xxi

FIGURE 6-8: CROSS-CORRELATION BETWEEN RATE OF PENETRATION AND DENSITY LOG.

.............................................................................................................................................. 133 

FIGURE 6-9: CROSS-CORRELATION SYMMETRY ANALYSIS: TORQUE AND DENSITY. ......... 134 

FIGURE 6-10: HAND-LABELING DENSITY LOG CLASSIFICATION FOR BLASTHOLE EZ-5314 

(RED LINES INDICATE SECTION WHERE COAL WAS FOUND)............................... 137 

FIGURE 6-11: HAND-LABELED DENSITY LOG AND 3-CLASS SOM (WITH TORQUE, 

PENETRATION RATE, & DENSITY INPUTS, 80% TRAINING DATA) FOR 

BLASTHOLE EZ-5314. ....................................................................................................... 138 

FIGURE 6-12: HAND-LABELED DENSITY LOG AND 4-CLASS SOM (WITH TORQUE, 

PENETRATION RATE, & DENSITY INPUTS, 80% TRAINING DATA) FOR 

BLASTHOLE EZ-5314. ....................................................................................................... 138 

FIGURE 6-13: HAND-LABELED DENSITY LOG AND 5-CLASS SOM (WITH TORQUE, 

PENETRATION RATE, & DENSITY INPUTS, 80% TRAINING DATA) FOR 

BLASTHOLE EZ-5314. ....................................................................................................... 139 

FIGURE 6-14: PERFORMANCE COMPARISON - 3-CLASS SOM, WITH 25% OF TRAINING DATA, 

AND TORQUE AND PENETRATION RATE AS INPUTS - BLASTHOLE EX-3708. ... 147 

FIGURE 7-1:CASE 4 - 3-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE AND 

PENETRATION RATE AS INPUTS; TRAINED USING SOM TARGETS, GENERATED 

BY SOM WITH TORQUE, PENETRATION RATE, & DENSITY AS INPUTS (FOR 

BLASTHOLE EZ-5314)....................................................................................................... 158 

FIGURE 7-2: CASE 12 - 5-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE AND 

PENETRATION RATE AS INPUTS; TRAINED USING SOM TARGETS, GENERATED 

BY SOM WITH TORQUE, PENETRATION RATE, & DENSITY AS INPUTS (FOR 

BLASTHOLE EZ-5314)....................................................................................................... 158 

FIGURE 7-3:CASE 7 - 3-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE, 

PENETRATION RATE & DENSITY AS INPUTS; TRAINED USING SOM TARGETS, 

GENERATED BY SOM WITH DENSITY AS INPUT (FOR BLASTHOLE EZ-5314).... 160 



 xxii

FIGURE 7-4: CASE 9 - 5-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE, 

PENETRATION RATE & DENSITY AS INPUTS; TRAINED USING SOM TARGETS, 

GENERATED BY SOM WITH DENSITY AS INPUT (FOR BLASTHOLE EZ-5314).... 160 

FIGURE 7-5: CASE 13 - 3-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE, 

PENETRATION RATE, AND DENSITY AS INPUTS; TRAINED USING SOM 

TARGETS, GENERATED BY SOM WITH SAME INPUTS (FOR BLASTHOLE EZ-

5314). .................................................................................................................................... 161 

FIGURE 7-6: CASE 15 - 5-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE, 

PENETRATION RATE, AND DENSITY AS INPUTS; TRAINED USING SOM 

TARGETS, GENERATED BY SOM WITH SAME INPUTS (FOR BLASTHOLE EZ-

5314). .................................................................................................................................... 161 

FIGURE 7-7: CASE 9 - 5-CLASS BP ANN ( 80% OF TRAINING DATA)  WITH TORQUE, 

PENETRATION RATE, AND DENSITY AS INPUTS; TRAINED USING SOM 

TARGETS, GENERATED BY SOM WITH DENSITY ONLY AS INPUT, COMPARED 

WITH HAND-LABELING (FOR BLASTHOLE EZ-5314)................................................ 163 

FIGURE B-1: 49 SERIES BLASTHOLE DRILL BUCYRUS (BUCYRUS INTERNATIONAL, 2007). 189 

 



 xxiii

 

Nomenclature 

ANN  Artificial Neural Network 

BI    Blastability Index 

BP    Backpropagation Neural Network 

FFT   Fast Fourier Transform 

FPC   First Principal Component 

cm    centimetres 

Hz    Hertz 

LWD    Logging While Drilling  

MSE    Mean Square Error 

MWD    Monitoring While Drilling 

PCA     Principal Component Analysis 

PLS    Partial Least Square 

RPM    Revolutions per Minute 

ROP    Rate of Penetration 

RQD    Rock Quality Index 

SOM    Self-Organizing-Map  

SPC    Second Principal Component 

 

 



 1

 

Chapter 1: Introduction 

 

This introductory Chapter briefly describes this thesis research, from problem definition 

to research methodology and includes a brief discussion of the thesis organization and 

structure. 

 

1.1 Problem Definition 

 

The context of this research is focused on open-pit (surface) mining operations, with 

particular emphasis on blasthole drilling and the utilization of drill signals, obtained using 

on-line monitoring of torque, penetration rate, vibration, thrust, RPM, air pressure and 

other signals that can be considered important for specific mine sites, as a tool to obtain 

geological information and determine rock properties as the drilling process is executed.  

 

The commercial rock recognition methods based on drill signals and available on the 

market, such as the Aquila System, can provide some useful geological information, but 

suffer from issues such as sensitivity to variations in geological conditions and the 

methods and data sets needed to tune them,. Therefore, the investigation and analysis of 

new techniques to extract the geological and rock property information desired by mining 

operations is one of the main motivations for this research. 
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The primary objective is to extract useful geological and rock property information by the 

monitoring of blasthole drilling. This extracted information is intended for use in various 

aspects of mine planning and design. For example, the rock strength and ore/waste 

boundaries can be used for short-range planning (and re-planning) of blast designs and 

explosives loading. On a larger, longer term, scale, the lithological information from each 

monitored blasthole could be integrated into, and used to enhance, the geological and 

geostatistical models used for long-range mine planning and design. 

 

As such, the improvements in these models have the potential for important positive 

impact on mine operations, planning, and design. A secondary, but nonetheless, relevant 

long term potential benefit is that these models could also improve the efficiency and 

effectiveness of mineral processing plants which the mine feeds with ore. Therefore, rock 

recognition can be seen as a key building block towards achieving overall optimization of 

the “mine-to-mill” (or “drill-to-port”) systems. Enhancing the reliability of techniques to 

predict rock and ore properties based on on-line drill monitoring is therefore a valid and 

useful objective. 

 

This thesis concerns itself with those cases of online drill monitoring which are limited to 

signals and sensors located up-hole (i.e. not inside the hole, in the drill string, or in the 

bit) and which are measured/installed on the drill rig itself (i.e. excluding such distributed 

sensing systems such as geophones, etc.).  The data set used in this thesis was collected 

several years prior to this research, and therefore it was also not possible to change the 

types of signals or the data acquisition techniques employed. 
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1.2 Methodology 

 

The research methodology is summarized as follows: 

a) Data Set: drilling data were acquired using a commercial monitoring system 

(Aquila drill monitor) installed on an electric blasthole drill (Bucyrus 49R), for 

seventeen blastholes at an open-pit coal mine (located in south-eastern British 

Columbia). Geophysical data was also collected for these blastholes. 

b) Pre-Processing: the data set consists of time-domain data, sampled at either 1 Hz 

or 5 Hz, depending on the specific blasthole. Samples which were outside the 

normal range of drilling operation were excluded from the analysis to ensure 

continuity and coherence of data. 

c) Feature Extraction and Selection: Principal Component Analysis was used to 

select the best feature(s) to be used as inputs to the rock recognition process. Also, 

plotting of selected features was performed in order to observe scattering and 

determine the type and number of clusters of data which might be associated with 

specific rock types/classes. Statistical clustering techniques were also evaluated to 

validate their applicability. 

d) Classification of Rock Types: was conducted by means of supervised and 

unsupervised Neural Network models. In addition, other classification methods 

were explored to evaluate their potential. 
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1.3 Thesis Overview 

 

The methodology followed to develop this research is summarized on the next points: 

 

• All of the methods which might have good performance to classify rock types 

were studied to select those ones which have the potential best performance. 

• The available raw data (drill signals from blastholes) were pre-processed to delete 

anomalous pieces of data. 

• Classification Methods derived from the pre-processing and data analyses were 

explored before studying the main recognition methods in this research. 

• Because the Aquila rock type classification was the only available one for all of 

blastholes (at least, until another new independent classification was done in this 

thesis to overcome that problem) and its coal classification can be considered 

acceptable , it was used as a source of Backpropagation (BP) Artificial Neural 

Network (ANN) training targets. 

• BP ANN trained with Aquila targets did not show improvements, even when 

augmented with non-drill data (Geophysical data) inputs; therefore, Self-

Organizing-Map (SOM) ANN were used to both classify the data in rock types 

and generate new targets for training BP ANNs. 

• Having generated new targets, the BP ANNs were trained with these new target 

sets and their performance was evaluated using both Aquila coal classification and 

independent labelling made by a geologist for one of them blastholes. The model 
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which best classifies rock types was finally chosen after the performance 

evaluation. 

Other aspects related to ANN and the correlation between drill and non-drill data were 

studied to ensure that the results obtained were valid.  

 

1.4 Thesis Structure 

 

The thesis structured is as follows: 

• Chapter 2 - Literature Review: covering rock recognition research, as well as 

other relevant areas related to pattern recognition. 

• Chapter 3 - Data Set & Pre-Processing: data characterization, including raw 

signals and available features. The techniques used to filter and normalize the data 

are explained, along with the feature selection methods. The last section of this 

chapter includes windowing techniques as applied to rock recognition. 

• Chapter 4 - Back-propagation (BP) Artificial Neural Networks (ANNs) applied to 

Rock Recognition: covers the initial efforts of rock recognition based on BP 

ANNS, using selected drill features as inputs to the BP classifier, and data from 

the commercial drill recognition system as the targets used to train the BP ANN. 

• Chapter 5 - Clustering Techniques applied to Rock Recognition: a different type 

of ANN, the Self-Organizing-Map (SOM) based on clustering concepts, is applied 

to the drill data. SOMs do not require targets for their training – i.e. they are 

capable of unsupervised learning. 
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• Chapter 6 – Further Investigation of SOMs: this chapter investigates the impact of 

modifying the data sets used to train the SOMs. The performance of SOMs 

relative to hand-labelling of lithology (i.e. interpretation by a geologist), for one 

blasthole, is also evaluated.  

• Chapter 7 - Evaluation of Back-Propagation Networks using Self-Organizing-Map 

Generated Targets: BP ANNs trained using targets generated by SOMs are 

evaluated.   

• Chapter 8 - Conclusion: presents a summary of the main contributions of this 

research effort, as well as suggestions for future work and potential applications. 
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Chapter 2: Literature Review 

 

The Literature Review Chapter is split in two parts; the first one (sections 2.1, 2.2, 2.3, 

and 2.4) introduces the mathematical methods and techniques that were relevant for the 

development of this research. The second part explains the applied research about the 

Specific Energy (section 2.5) and Monitoring-While-Drilling for rock recognition. 

 

2.1 Principal Component Analysis 

 

The Principal Component Analysis (PCA) is a multivariate statistical technique originally 

developed by Pearson (1901) which allows reducing the dimension to a set of data 

correlated by vector orthogonal rotations that create new variables which are independent 

amongst them – i.e. they are not correlated between each other. This statistical technique 

had been successfully applied on Pattern Recognition Problems (Fukanaga, 1990); such 

an application is relevant to this study. The idea behind the PCA is to make a linear 

combination of the original variables and to have “new variables” called “component 

principals” which have fewer dimensions than the original. Therefore, it is easier to 

follow the behaviour of the whole original data set and to use the new variables as inputs 

for new data applications. In addition, the PCA allows knowing which original 

parameters have more influence than others in the data set. In brief, The PCA has several 

advantages that can be summarized as follows: 
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1. It is not necessary to assign more weight or relevance to one variable than others. 

2. The set of data does not need to follow a Normal distribution. 

3. The Principal Components Analysis does not lose significant information because 

of the transformation. 

4. This technique can be used as a pre-processing step for further mathematical 

techniques. 

 

The algorithm used to calculate the Principal Components is simple and easy to 

understand. Also, it can be programmed in almost every computer language; moreover, 

there is much software which has the PCA algorithm incorporated and ready to be used. 

 

To introduce this algorithm, it is necessary to make some assumptions and explain some 

concepts. First, it is supposed that there are “M x-variables” and each one has a 

dimension equal to N x 1; therefore, the set of vectors is{ }Mxxx ..., 21 . Then, all of the 

original or raw data must be normalized because when the range is too extreme among 

the variables, the PCA is going to compute the new data giving more significance to the 

original variables which have the highest or lowest values in the input set. For that reason, 

the PCA without a proper normalization would be performed just taking a few variables 

(the variables with the maximum and minimum values) and losing important information 

that could be critical in evaluating the performance of this method. There are two typical 

normalizations that can be used to avoid the problem mentioned above; the first one is to 

find the maximal value of each variable and to divide the variable by the maximal value. 
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The second normalization is to calculate the mean and standard deviation of the variable 

set and to compute the new normalized variables by: 

 

σ
μ−

=
xyNorm                                                    (2-1) 

 

Whereμ  is the mean and σ  is the standard deviation of each variable. Then, when the set 

of data has been normalized, the PCA algorithm continues using the following steps: 

 

1. Calculate the average of data: ∑
=

=
M

i
ix

M
x

1

_ 1 . 

2. Subtract the mean from each data: 
_
xxii −=φ . 

3. Make a new matrix with the new data: [ ]Mφφφ ..., 21=Θ . 

4. Calculate the covariance matrix of Θ : ∑
=

ΘΘ==
M

j

TT
jjM

C
1

*1 φφ . 

5. Calculate the eigenvectors of C: Mλλλ >>> ...21 . 

6. Calculate the eigenvalues of C: Muuu ...., 21 . 

 

Having calculated all of eigenvectors and eigenvalues, the selection of the new principal 

components is easy since the eigenvector with the highest eigenvalue has the coefficients 

of the First Principal Component (FPC). Then, the eigenvector with the second highest 

eigenvalue has the coefficients of the Second Principal Component (SPC), and so on. 

However, each principal component does not give the same amount of total information 
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carried by the original data. For instance, the First Principal Component has more 

information than the second one; the Second Principal Component has more information 

than the thirst one, and etcetera. The main point in this step is to know which one is the 

last principal component that has useful information, so the PCA can stop computing 

components since the rest of them do not have information that can be used for the final 

purpose which is to represent well the behaviour of the whole data set. There are some 

rules to know which principal components are relevant or not, two of which are most 

widely used. The first is to consider only those principal components which have 

eigenvalues greater than one. The second is to calculate the variance percent of each 

principal component over the total variance because the variance percent represents how 

much information is in a specific principal component. Therefore, the desired level of 

information can be chosen by the user for a specific problem.  

 

2.2 Smoothing Windowing Technique 

 

The Smoothing Windowing method, or Moving Average, is a simple technique which 

tries to reduce the corruption or “noise” of signals from measurements by calculating the 

average of samples into a subset of the data set and then replacing those samples for the 

average calculated before. The idea is that peaks in the data, which are irrelevant in most 

of cases, are either eliminated or reduced, so the data are clearer and analysis can be done 

with more precision. A simple schema is shown below to explain how this technique 

works: 
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Figure 2-1: Schema of window displacement for Smoothing Windowing technique.  

 

In step 1, the average is calculated for the samples in the window place on the position 

number 1; after that, the average value replaces all of values within the window and the 

window is moved to its next position (number 2). The distance that the window is moved 

corresponds to the window size which has to be set by the user. Therefore, this procedure 

is repeated until the whole data set is read. However, some people think this technique is 

not good enough because the number of samples taken to calculate the average each time 

depends only on a good guess; there is not a general rule to estimate the size of the 

sample set so far. Besides, some peaks in the noise could be useful in further analysis or 

rock recognition so that important measurements could be lost or not computed 

accurately.  

 

 

1 2
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2.3 Statistical Cluster 

 

During the development of rock recognition techniques, it has become urgent to find a 

method which is able to organize the data in different groups with the same characteristics 

or patterns. Even though some pre-processing techniques could be applied to clean or 

filter the raw input data, without a good recognition method, all such efforts would be 

useless. For that reason, several statistical methods have been explored to ascertain if they 

are able to make data clusters correlated to rock types (Davis, 2002). These methods are 

called “Statistical Cluster” and, basically, they use different statistical rules to organize 

the input data. There are two major statistical clustering methods used on rock recognition 

which are known as K-Means Clustering and Hierarchical Clustering; both methods are 

going to be explained in the following section. 

 

2.3.1 K-Means Clustering method 

 

The K-Means Clustering (MacQueen, 1967) is an iterative multivariate statistics 

classification technique which does not need to be trained to compute results and is very 

fast. One of the requirements for this classification technique is to set up the number of 

clusters in the data, so it is necessary to estimate the number of potential clusters 

beforehand. The idea behind this method is to make a partition of the workspace (data set) 

and move inputs among the clusters already defined until a satisfactory solution of the 

problem is reached. The algorithm starts when the weights or centroid of clusters are 

initialized by taking randomly an input and comparing that input with all weights 



 13

previously defined by computing the Euclidean distance. Therefore, the input or 

prototype that has the minimum calculated distance belongs to the cluster associated with 

the weight used to calculate that distance (Mehrotra, Mohan, and Ranka, 1997, p.171). 

The last explanation can be summarized in the following equation which corresponds to 

the criteria used to organize the input data in clusters: 

 

                 jljl wiwi −≤− *    { } { }kjandPl ,...,1  ,...,1         ∈∈             (2-2) 

 

Where: 

• P is the number of samples. 

• k is the number of clusters. 

• il is a data input. 

• wj is a weight. 

• wj*  is the nearest weight. 

 

After finishing reading all inputs within the set, the weights need to be updated according 

to the number of samples within each cluster. The way to update the weights is shown in 

the following equation: 

 

∑ ∈
=

jl Ci jlj Ciw                                                   (2-3) 

 

Where Cj is the number of data inputs in the cluster j and il are the data in the cluster j. 
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Having updated the weights, the procedure is repeated until either the maximal number of 

iterations is reached or the global error ceases to decrease. The global error in this 

algorithm is defined by the following equation: 

 

∑∑
= ∈

−=
k

j Ci
jl

jl

wiE
1

2
                                                  (2-4) 

 

Finally, K-Means clustering is an effective method because it is easy to program in most 

computing language and it is fast and reliable. However, it has some disadvantages, such 

as the range of each classification because that range is valid for only one set of data. In 

other words, it is not possible to compare two classifications from different sets of data. 

 

2.3.2 Hierarchical Clustering Method 

 

The Hierarchical method is an iterative statistic technique which, in few words, takes the 

raw input data and makes new clusters according to the distance between them. 

Therefore, in the first iteration, the algorithm merges the closest samples in one new 

group which is a new sample for the next iteration. Then, the algorithm repeats the same 

process until all of samples are merged in one group; this process is called 

“Agglomeration” and a good schema of this process is shown in Figure 2.2 below. It is 

important to mention that following information comes from the MATLAB® Statistical 

Toolbox’s guide (The MathWorks Inc, 2007). 
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Figure 2-2: Dendogram. 

 

This schema is called Dendogram and it is useful to realize how many clusters can be 

made by the algorithm. Also, it is useful to decide how many clusters are desired because 

the algorithm can be stopped when either all of the samples are in only one cluster or the 

number of desired clusters is achieved.  

 

There are different methods to link the samples which are going to be clustered in the data 

set. These methods differ in the way that they calculate the distance between two samples 

and which distance is chosen. The most common linkage clustering methods are listed 

below: 

 

• Single linkage clustering: This is the most simple linkage technique and is known 

as the nearest neighbour technique. The method takes two samples and/or merged 

samples and it calculates the distances between them. Only the closest pair of 

samples is considered and they can either become a cluster or be part of an 
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existing cluster. In a general form, this method can be written in the following 

way: 

),...,1(),,...,1(  )),,(min(),( srsjri njnixxdistsrd ∈∈=                       (2-5) 
 

Where: 

- nr is the number of elements in the cluster r. 

- ns is the number of elements in the cluster s. 

- xri is the element ith in the cluster r. 

- xsj is the element jth in the cluster s. 

- d(r,s) is the distance between xri and xsj. 

 

• Complete linkage clustering: This linkage method is very similar to the method 

explained above and the only difference is that instead of choosing the shortest 

distance, the largest distance is chosen. In a general form, the method can be 

written in the following way: 

),...,1(),,...,1(  )),,(max(),( srsjri njnixxdistsrd ∈∈=                      (2-6) 
 

• Average linkage clustering: In this linkage method, the distance computed is the 

average distance over all pairs of samples which belong to two different clusters. 

In a general form, the method can be written in the following way: 
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• Ward linkage clustering: This method of linking samples was proposed by Ward 

(1963) and it tries to reduce the losses associated with each group of data when 
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the clusters are made. The idea is to combine the average distance and number of 

samples, and to avoid large information loss. The distance equation that Ward 

created is the following: 

( )rs
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),(                                                (2-8) 

 

Where 2
rsd  is the square distance between two centroids of two different clusters 

which is computed the following equation: 
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The distance ),( yxd  is the Euclidean distance. 

 

Having explained the most important concepts of the Hierarchical algorithm, it is 

necessary to briefly explain the way that this clustering algorithm works. First, the 

distance between every single pair of samples is calculated by one of the linkage methods 

explained before. Then, when a pair of samples is chosen, both samples are merged in a 

new sample, and a new distance between the new sample and the rest of the samples 

needs to be computed. The reason is that the new merged sample was made by two non-

merged samples which have two different relative distances to the other samples; 

therefore, one value has to be chosen. In most of cases, the rule is to select the maximum 

distance between one of the old separated samples and the rest of them; in that way, the 

algorithm can continue making clusters. This explanation is summarized by the following 

list made for the algorithm: 
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1. Identify the closest pair of samples (if the Single Linkage method is used). 

2. Merge the samples in a new one. 

3. Compute the new sample distance by choosing the maximum distance between 

the remaining samples and each one of the old-separated samples now merged. 

4. Save the new distance and find again the closest pair of samples. 

5. Repeat the process until there are not any samples left. 

 

The Hierarchical Clustering algorithm is widely used and it has many applications on 

statistical problems relating to population and classification. Unfortunately, this method 

takes a long time to complete it when the data set is large because each distance between 

every pair of samples must be computed every time. Besides, the algorithm computes a 

cluster only once, so there is no option to recalculate the clusters already created to verify 

if another cluster configuration could be better.   

 

2.4 Neural Network 

 

The Artificial Neural Network (ANN) is a mathematical technique that has been gaining 

more attention everyday in different fields but especially in areas of prediction and 

pattern recognition. The theory behind Artificial Neural Networks was developed in the 

1940’s and 1950’s (McCulloh, W. S. and Pitts, W., 1943 and Hebb, D., 1949); 

unfortunately, the computational resources which are available today were not available 

then. The ANN structure is basically inspired by the working of the human brain, so to 

understand it clearly, some concepts need to be explained. First at all, the human brain is 
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able to learn from recent experiences or by itself. This is accomplished through very 

special and specific structures called neurons. These neurons are the only human 

structures able to process information received by the human senses. Furthermore, these 

neurons do not work alone; they work together as a whole, interacting via two particular 

brain structures that connect the neurons, called axons and dendrites. Axons are tubular 

structures which carry electrical signals produced by changing the chemical 

concentrations in them. Dendrites are the link between the axons and the neurons, and 

they decide if an electrical signal reaches a neuron or not. That process is known as a 

synapse and is the core of human learning. Based on this process, scientists created a 

mathematical model which can reproduce the working of the human brain; this model is, 

as already explained, known as the Artificial Neural Networks (ANN). Because a learning 

process is involved in the ANN, they need to be trained before being used, so the 

mathematical function involved and the numerical values in the links between nodes must 

be changed until the network is completely calibrated. However, to fully explain the 

configuration of an ANN, its similarities to the human brain, and how a neural network is 

trained and calibrated, it is necessary to distinguish two groups of networks because they 

have different configurations, settings, and ways of working. These networks are 

“Supervised Learning Neural Networks” and “Unsupervised Learning Neural Networks”, 

and in the following sections, they are explained in detail.  
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2.4.1 Supervised Learning Neural Networks 

 

As an introduction to this type of artificial neural networks, a typical diagram of one of 

the most common supervised neural networks proposed by Rosenblatt (1961), known as 

the Backpropagation Neural Network (BP), is shown: 

 

 
Figure 2-3: Backpropagation Neural Network diagram. 

 

First of all, there is an input layer which accepts the samples or inputs; to do this, the 

layer composed of nodes or neurons (compared to the human brain) which keep single 

values. The number of nodes in the input layer depends on the size of an input vector.  

Then, there are one or more hidden layers which are made by nodes as well; however, the 

hidden nodes (nodes in the hidden layers) have a special function which is commonly 

called “activation function”. The role of this function is fundamental because it 

Output 
layer 

Hidden 
layer 2 

Hidden 
layer 1 

Input 
layer 
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determines which piece of data continues through the network. Basically, the activation 

function plays the same role as dendrites do in the human brain: to inhibit the signals that 

are not important to create the network output. The mathematical functions which can be 

considered to be activation functions have to have a limited output range; viewed in a 

mathematical way, that characteristic can be written as: 

 

bxfaxf xx == −∞→∞→ )(lim  and  )(lim                                 (2-10) 
 

The functions that accomplish that characteristic and are widely know are: 

 

• Step functions. 

• Ramp functions. 

• Sigmoid functions. 

• Piecewise linear functions. 

• Gaussian functions. 

 

The number of nodes and hidden layers vary according to each case, so there is not a 

general rule to determine in advance how many of them are going to be necessary to 

reach the desired performance. Several studies have been done to learn more about the 

best configuration of hidden layers; for instance, Sietsma and Dow (1991) suggest 

starting with a large network and reducing the number of hidden nodes by the network 

pruning technique. The trial-and-error approach has been studied by Montague et al 

(1993); it is started with a small network, and hidden nodes are added until the error 

reaches the desired value. However, according to current research (Meireles et al, 2003), 
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the right size of a neural network is still an important issue and only in a few cases are 

there some guidelines for the network configuration (Mehrotra, Mohan, and Ranka, 

1997). The last layer in the neural network is the output layer; the number of nodes 

depends on how many outputs are desired. Also, the nodes have an activation function 

like the hidden layer. Finally, the last component of the neural network is the most 

important one since it allows connecting input-hidden-output layers, so they can interact 

among themselves. That component is called “weight” (the axon in the human brain) and 

it is a single value between nodes. The importance of weights is that they control the 

connection strength between two nodes, so they can manage which signals or nodes are 

more important than others. To set the weight values, it is necessary to train the ANN by 

using “targets” or known outputs; the fact that the neural network model uses targets for 

its training is the reason why it is classified as a supervised learning neural network.  

 

The main idea in the training for this network is to use information in advance about the 

problem under study to predict further values. Therefore, there is a training set which has 

the inputs and also, there are targets or outputs which are related to those inputs. Then, 

the inputs are processed by the neural network to get the first outputs. Because the weight 

values are not optimal, the outputs are not good, so the weights need to be adjusted 

according to the difference between the outputs already computed for the network and 

targets (known outputs). Repeating these steps several times, it is possible to optimize the 

neural network performance. For instance, a simple code for training a BP with one 

hidden layer is shown below (cited in Mehrotra, Mohan, and Ranka, 1997, p.76). 
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1. There is a set of inputs and px  is one of them, where Pp ,...1= . 

2. The input for the jth hidden node is computed by ∑
=

=
P

i
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1 *  and 0x  is 

equal to 0 and j is Lj ,...,1=  where L is the number of hidden nodes. 

 

3. At the value calculated in 2, an activation function in the jth node is applied. That 

value can be called 1
jx . 

4. The input for the kth output node is calculated by ∑
=

=
L

j
jjkk xwnet

1

1)1,2(
,

2 * . 

5. The output from the output node ( 2
kx ) is calculated by applying an activation 

function to the value computed in 4. 

6. The weights between the input and hidden layers, as well as between the hidden 

and output layers are updated, respectively, by: 

 

∑ −=Δ
k

ijjkkkkij xnetwnetxdw *)(*)*)(*)((* 1')1,2(
,

2'2)0,1(
, δδη                (2-11) 

 

12'2)1,2(
, *)(*)(* jkkkjk xnetxdw δη −=Δ                                   (2-12) 

 

Where kd  is the desired kth output, η  is the learning rate, and 'δ  is the derivate 

of an activation function. 

 

7. The updating of weights continues until all of the inputs have been processed by 

the network. 
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8. The mean square error (MSE) is computed by: ∑∑
= =

−
P

i

L

k
ikk xd

P 1 1

2 )(1 . 

9. If the MSE is not good enough, the procedure is repeated. 

 

Having finished the training, the network is ready to compute new inputs, different than 

those ones which belong to the training set. There are other networks which differ in the 

way that they update their weights but the basic steps of the algorithm are the same. 

 

Finally, there are different types of supervised learning neural networks which are 

mentioned below (Mehrotra, Mohan, and Ranka, 1997 and Rojas, 1996):  

 

• Input-delay Backpropagation 

• Adaline 

• Madaline 

• Cascade correlation 

• Tiling algorithm 

• Radial Basis Functions 

 

Nevertheless, the neural network already explained (BP) is the most used network 

(Meireles et al, 2003). 
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2.4.2 Unsupervised Learning Neural Networks 

 

The second group of Artificial Neural Networks (ANN) has a special characteristic which 

is that these networks do not need targets and they can be trained by only their inputs. The 

idea behind this ANN is to recognize clusters in its input data; therefore, they create 

different sets of data which are used to update the weights that compound the ANN. 

When the training is done, the ANN is able to compute new inputs and place them in the 

clusters in which they belong. In this group of networks, the Competitive Neural Network 

and Self-organizing-map (SOM) Neural Network are the most common ones; therefore, 

in the next section, these networks will be explained but the emphasis in the explanation 

is going to be focused on the SOM networks since they were used in this research. 

 

2.4.2.1 Competitive Neural Network 

 

This unsupervised network is an extension of the Hopfield network (1982) and it is 

similar than the K-Mean method, but it differs in the way that its weights are changed. 

The algorithm is easy to both understand and program in a computing language. A 

framework of the training algorithm is shown below, as an example (cited in Mehrotra, 

Mohan, and Ranka, 1997, p.165). 

 

1. Select a learning rate η . 

2. Find the node *j  whose weight vector *
jw  is closest to an input ki  
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3. Each weight of the node chosen is updated by: 

( )** * jkj wiw −=Δ η                                                 (2-13) 
 

4. The procedure is repeated until network converges or computational bounds are 

exceeded. 

 

The way to compute the outputs of this network is different from the first group of neural 

networks. To introduce it, a schema of this type of network is shown below. 

 

 
Figure 2-4: Competitive Network schema. 

 

In this case, the data inputs go through the input layer to be compared with the weights by 

a distance function. In most of cases, the distance function is the Euclidean distance 

function and the values calculated have to be a negative distance. Then, the results 

computed by the distance function are added to the biases and in the place of the resulting 

vector is the maximum value; a 1 is put there and for the rest of them, a 0. That concept is 

called “Winner-Take-All” because only one weight is chosen in the final answer and the 

rest of the weights are not taken.  
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2.4.2.2 Self-Organizing-Map Neural Network 

 

The Self-Organizing-Map (SOM) Neural Network was developed by Kohonen (1982 and 

1988) and, basically, it is a combination of the competitive learning principle and a 

topological structuring of nodes; the last concept is going to be explained below. The 

training in this case is similar to a competitive network but it differs in the network 

topology and there is a new distance function which is called the “topological distance 

function”. First at all, the concept of network topology is introduced, which means the 

network nodes are placed in the space following a specific order given by a topological 

function. To explain this important point, the most common network topologies, which 

are Grid, Hexagonal, and Random topology, are shown in the Figures 2-5, 2-6, and 2-7. 

Hence, each node has nodes around itself, making it is possible to compute the distances 

among them. Also, the topology is important in this network because the outputs are 

going to depend on the topology chosen. 
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Figure 2-5: Grid Topology. 

 

 
Figure 2-6: Hexagonal Topology. 
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Figure 2-7: Random Topology. 

 

Furthermore, they play an important role during the network training. The beginning of 

the network training is almost the same as in the Competitive Neural Network, so each 

node has its weights and the Euclidean distances (or similar measures) between inputs 

and weights are computed. Then, the weight which has the minimum distance to the input 

is chosen. However, from here, the algorithm is different since the selected weight 

becomes the centre of an influence zone and all of the nodes within that zone are going to 

be updated. That is the big different between the Competitive Neural Network since that 

network only updates the weight which has the minimum distance with respect to the 

input. The influence or updated zone is set by the topological distance function, which 

does not have any relationship with the Euclidean distance function used to compute the 

distance between inputs and weights. The topological distance function must decrease 

with the number of iterations during the training until reaching zero when the node 



 30

corresponding to the minimum input-weight distance in each iteration or epoch is only 

updated. For instance, how the topological function works is shown below. 

 

 
Figure 2-8: Influence Zone for two different time instances. 

 

According to Figure 2-8, the topological distance function sets neighbourhood 2 

(influence zone) as the zone in which the weights are going to be updated. Then, after 

some iterations, that zone is reduced to neighbourhood 1, so fewer weights are going to 

be updated this time. The great advantage is that the global error of the network can be 

shared for more weights due to the updating of more than 1 node. Therefore, the network 

error can be globally reduced at the beginning; then it can be locally reduced, so the 

outputs from this network are much better. The main disadvantage is the time required for 

the training since, because it is necessary to update more nodes in each epoch, it takes 

more time than a Competitive Neural Network. Finally, the following framework explains 

how the algorithm works (cited in Mehrotra, Mohan, and Ranka, 1997, p.189). 
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1. Select the Network Topology. 

2. Initialize all of weights to small random numbers. 

3. Initialize current topological distance function D(0) to a positive integer 

(commonly 1). 

4. Select an input sample il. 

5. Compute the square of the Euclidean distance of il from the weight vector (wj) by: 

( )∑ =
−

n

k kjkl twti
1

2
,, )()(                                              (2-14) 

 

6. Select the output node j* with the minimum Euclidian Distance. 

7. Update weights to all nodes within a topological distance of D(t) from j* , using 

the following update rule: 

))((*)()()1( twittwtw jkjj −+=+ η                                   (2-15) 
 

 Where 1)1()(0 ≤−≤< tt ηη  

8. Increment t. 

9. Stop when the computational bounds are exceeded. 

 

Figure 2-9 summarizes the learning procedure explained above for this network. 
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Figure 2-9: SOM ANN Learning Process. 

 

Finally, as soon as the training is done, the SOM network is ready to process inputs. The 

way that the network computes the inputs is shown in the following figure. 

 

 
Figure 2-10: SOM Neural Network Operation. 

 

According to the scheme in Figure 2-10, an input goes through the input layer and the 

Euclidean distances between that input and each weight are computed. Then, the 

competitive function selects the minimum distance and, in the output vector, puts a 

number 1 in the position which corresponds to the node with the minimum distance 

between input and weights. For the rest of elements, 0 is put in the output vector. 
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Therefore, the processed input belongs to the cluster which is correlated to the output 

vector position with the number 1. 

 

2.5 Specific Energy Concepts applied on Rock Recognition 

 

2.5.1 Background 

 

The concept of Specific Energy is important to discuss since it has been used to classify 

rock types. The first document which talks about this concept was written by Teale in 

1964. In his paper “The Concept of Specific Energy in Rock Drilling”, he claims that the 

crushing process requires energy to be accomplished, which is provided by the bit and, 

hence, by the engine of the drilling machine. In addition, in rotary drilling, the energy 

needed to crush rocks can be split into two actions. The first one is the “indentation” 

which is the action to push the bit, so its cutting edge and the rock ahead of the bit are 

always in contact. Furthermore, because of that strong contact, the cutting edge of the bit 

makes the first fracture by getting into the new rock. The second action made by the 

crushing is called “cutting” and it relates to the pure rotation of the bit. In this action, the 

bit breaks off some pieces of rock and moves forward to break new rock. 

Having understood which actions are involved in a rotary drilling, the concept of Specific 

Energy can be defined as the energy or work required to excavate a certain volume of 

rock. If this definition is applied to rotary drilling, it can be seen that Specific Energy is 
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comprised of two components: the “thrust” and “rotary” components. Both of them may 

be better understood by the following figure. 

 

 

 
Figure 2-11: Rotation drilling process. 

 

Therefore, the equation for the Specific Energy can be written as follows: 

 

ROTARYTHRUST u
NT

AA
Fe ⎟

⎠
⎞

⎜
⎝
⎛ ⋅+⎟

⎠
⎞

⎜
⎝
⎛=

π2
                                   (2-16) 

Where: 

• F: The thrust applied by the drill machine. 

• T: The torque. 

• A: The area of the hole. 

• N: Rotation speed in RPM. 

Stage 1 

Stage 2 

Stage 3 
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• u: The rate of penetration. 

 

Drilling machines can be able to collect these parameters while drilling allowing the 

quick calculation of the Specific Energy.  

 

2.5.2 Real Applications in Rock Recognition 

 

There are some good examples of Specific Energy being used to predict rock 

characteristics. For instance, in the Phelps Dodge Sierrita Mine (Phelps Dodge Mining 

Company et all, 2002), the measurements while drilling were recorded and used to find a 

correlation to the local geology. The data was acquired by the Aquila Mining System® 

and the rate of sampling was around 15 Hz. The first conclusion of this study was that the 

rate of penetration provided an accurate indicator of the rock strength; also, the research 

conducted in the Sierrita mine pointed out that this parameter can be measured without 

monitoring while drilling; that is why it is widely used in mines. Furthermore, the 

researchers say that the rate of penetration is a parameter which depends on thrust, on 

rotary speed, on torque, and on flushing efficiency; therefore, the rate of penetration by 

itself is a combination of these factors and a valuable indicator of rock properties. Also, 

they propose as the next step to compare the Specific Energy with the local geological 

representation to see if there is a correlation. In addition, they were able to calculate the 

Blastability Index (BI), which is the response of rock to high strain rates during the 

blasting. The BI does not need to agree with the Specific Energy and there are some 

factors, like discontinuities, that can account for these differences. 
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2.6 Monitoring-While-Drilling applied on Rock Recognition 

 

2.6.1 Drilling Machine Data and Geological Characteristics 

 

Research has been done to determine correlations between data taken from machine 

drilling and geological formations. A study by Scoble, Peck, and Hendricks (1989) found 

a strong correlation between the drill parameters and borehole geophysical logging. This 

study was conducted on a surface coal mine and the rate of penetration, rotary speed, 

thrust, torque, and flushing medium pressure in a rotary blasthole drill were constantly 

monitored. The data from the boreholes were used to determine the type of rock in the 

blastholes; that information was used to compare how well the drill parameters can follow 

the geological structures during the blastholes drilling. It is important to notice that the 

boreholes used to measure geophysical data were not located in the same position as the 

blastholes; hence the nearest borehole was used to compare the data monitored in the drill 

machine. The distribution of boreholes (green spots), and drill monitored holes (red spots) 

used in the bench is explained by the following diagram: 
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Figure 2-12: Boreholes and blastholes distribution (Scoble, Peck, and Hendricks, 1989). 

 

The results shown in the paper suggest that there is a high correlation between the drill 

parameters (rate of penetration and torque) and the rock type. An example of this can be 

seen in Figures 2-13 and 2-14, where the rate of penetration and gamma-logged boreholes 

were plotted against depth. 
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Figure 2-13: Rate of penetration in the blasthole 837 and its nearest gamma-logged borehole (Scoble, 

Peck, and Hendricks, 1989). 
 

 
Figure 2-14: Rate of penetration in the blasthole 718 and its nearest gamma-logged borehole (Scoble, 

Peck, and Hendricks, 1989). 
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According to Segui and Higgins (2002), the rate of penetration decreases when hard rock 

is ahead but it increases when soft rock is ahead. Also, the torque is able to detect hard 

and soft rock and it has the exact inverse behaviour compared to the rate of penetration; 

for instance, the torque is high when hard rock is being drilled like siltstones and 

sandstones. Besides, the thrust (or pulldown force) is able to detect different rock types, at 

constant rotary speed, but the operator sometimes needs to reduce the thrust in order to 

reduce the torque when its value exceeds the normal operational range. That point is 

important because it means the thrust could not be a good rock type indicator due to the 

influence of drill operators. On the other hand, the torque is low when the rock is soft, 

such as coal and mudstone. In addition, the researchers claim that the rotary speed did not 

have the same response as the rate of penetration and torque in distinguishing different 

rock types.   

 

Schunnesson, in his paper “RQD Predictions Based on Drill Performance Parameters” 

(1996), shows a new approach to estimating the Rock Quality Designation (RQD). This 

work required an underground location, so the place selected was a railway tunnel 

construction in northern Sweden. The methods chosen to build the tunnel were 

conventional drilling and blasting. Also, the presence of important fractures in the work 

site had been known before starting this study. The RQD is a parameter introduced by 

Deere (1963) to classify rock quality and is calculated by the sum of lengths of rock core 

pieces longer than 10 [cm]. Then, the sum is expressed as a percentage of the total length 

drilled and the cores are organized according to a scale. The scale used for the RQD is 

shown below:  



 40

 

Table 2-1: RQD index (Schunnesson, 1996). 
RQD Quality

100-90 Excellent rock
90-75 Good rock
75-50 Fair rock
50-25 Poor rock
< 25 Very poor rock

 

To select which parameters would be used in the estimation, it was necessary for the 

researcher to study the behaviour of drill data according to the local geology. First, the 

penetration rate and the torque are effected by the fractures in the rock. The rate of 

penetration tends to rise when the bit is going through a fracture zone and it has a high 

grade of variability. The torque and rotary speed showed that they were effected by 

fracture zones; moreover, their behaviours were difficult to predict or understand, due to 

other complex factors that affect their responses. In general, the torque increases and has 

a high variability when the rate of penetration decreases; in other words, torque increases 

when the bit is going through fracture zones. Furthermore, the rotary speed shows a 

similar response to that of the torque. However, sometimes the torque and RPM decrease 

when the rate of penetration also decreases. The reason is that the drill string can stall in 

the fractures, but the variability of the rate of penetration does not seem to be affected by 

the stalling. In conclusion, Schunnesson says that both rate of penetration and torque are 

strongly influenced by fractures zones; nevertheless, to find a correlation between these 

parameters and fractures zones is not easy since there are other effects involved and since 

it depends on the specific characteristics of the work site. In addition to the rate of 

penetration and torque being strongly influenced by fracture zones, the variability of both 

parameters is an indicator of the level of fractures in the rock mass.  
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Having understood the principal effects and parameters present in this problem, 

Schunnesson (1996) chose the rate of penetration and torque as the inputs to estimate the 

RQD. During the drilling, the following parameters were recorded every 10 centimetres 

in 5 holes: 

 

• Drill hole length 

• Rate of penetration 

• Thrust 

• Torque 

 

For the analysis of the results, it is useful to point out some important details before 

explaining the analysis done by Schunnesson (1996). The registered RQD used as 

baseline to compare the estimated RQD was only given in single values between 5 to 15 

meters. For that reason, the data taken while drilling could not be analyzed directly; 

therefore, the average of drilling features was calculated over the same length of the 

original RQD. The inputs chosen for the prediction were the torque, rate of penetration 

and their variability. The method for calculating the variability was to take a section of 

each hole whose length was 50 centimetres and then compute the following: 
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With all of data calculated, the statistical technique called Principal Component Analysis 

(PCA) was used to understand how the inputs or parameters derived from drilling are 

correlated to the RQD; furthermore, the PCA was used to determine how much 

information could be carried for each input. According to the results shown in 

Schunnesson’s 1996 paper, around 55% of the information is taken by the First Principal 

Component and around 20% by the second one. In addition to the results of the PCA, the 

rate of penetration, torque and their variability have a strong correlation to the RQD, 

which is inversely proportional. In other words, the RQD is high when the parameters are 

low; the next figure summarizes the conclusions explained above. 

 

 
Figure 2-15: First and Second Principal Components (Schunnesson, 1996). 

 

Having finished the analysis, the method applied to estimate the RQD was the Partial 

Least Square regression (PLS). The PSL regression is an extension of the PCA, which 



 43

tries to estimate the values Y, using a set of independent values X. The difference 

between PSL and PCA is that both of them calculate orthogonal vectors by X which can 

predict Y, but the PSL method also tries to obtain maximum covariance between X and 

Y. In brief, PSL is an optimization of PCA because the first components can maximize 

the variance. The results obtained by PSL are summarized in the following Figures 2-16 

and 2-17. 

 

 

 

 
Figure 2-16: Real and prediction of RQD (Schunnesson, 1996). 
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Figure 2-17: Comparison between real and predicted RQD (Schunnesson, 1996). 

 

The results indicate that first, the prediction is good and the RQD predicted is within an 

acceptable range of error. However, the prediction using drilling parameters shows a 

tendency to register lower fracture frequency than the RQD mapped after the excavation. 

The author of this paper suggests, as the reason for this difference, that the RQD 

prediction was done by data of virgin rocks (while drilling). On the other hand, the RQD 

mapped in the tunnel (rock core) was taken after the excavation; fractures and other 

geological anomalies could have been made during the blasting.  

 

According to Segui and Higgins (2002), the Pulldown Pressure and Pulldown Force or 

thrust exhibits particular behaviour during drilling. When its magnitude is below a 

specific minimum value, the Thrust is not affected by change in the Rate of Penetration 
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(ROP), so it is not able to distinguish different types of rock. Moreover, when the thrust is 

greater than the minimum value, the ROP and the thrust share the same behaviour and 

both values arise. At this point, the Specific Energy decreases since the work (or energy) 

to break rocks is low due to the thrust helping to grind rocks. Before, it did not contribute 

to this objective, so the bit was not able to drill. However, if the thrust continues 

increasing its magnitude, the ROP is going to decrease because the drill bit will be stalled 

in the rock. Therefore, both the Specific Energy and the thrust are going to arise, but the 

ROP is going to decrease. The problem explained above is represented in Figure 2-18, in 

which the ROP and the thrust were plotted against the blasthole depth. 

 

 
Figure 2-18: Variation of Rate of Penetration and Pulldown Force (Segui and Higgins, 2002). 

 

An important conclusion of this phenomenon is that there is a value of the thrust which is 

optimum to obtain the best rate of penetration. Hence, the drill-machine operators try to 

set the thrust to achieve the best performance and that parameter may not reflect 
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accurately the real type of rock. For that reason, using the thrust as one parameter to 

classify different rock types cannot be a good idea since some measurements can 

correspond to changes made by the operator, so these measurements will be operator 

dependant. 

 

2.6.2 Benefits of Monitoring-While-Drilling 

 

To understand how the Measurement While Drilling (MWD) can be useful in mine 

operation, it is useful to mention some research and technical experiences done during 

recent years. Smith, in his paper “Improvements in Blast Fragmentation Using 

Measurement While Drilling” (2002), summarizes what the MWD is, its benefits, and its 

potential developments. First at all, he says that the MWD and Logging While Drilling 

(LWD) are not new techniques; they have been developed since the 1970’s, and they 

were first used in the petroleum industry. At that time, the main problem was the 

sampling rate since, due to the low computational capacity, it was impossible to achieve a 

fast sampling rate, so the measurement resolution was not good enough. However, today, 

that problem does not exist as computers have high performance. Another important point 

made by Smith is that the current systems of MWD are not able to show any structural 

information which is very important for mine design due to the possibility of avoiding 

rock blast in unstable areas and the optimization of fragmentation. The most important 

benefits of MWD listed by Smith are the following: 

• Less geological and geophysical investigation. 

• Optimization of drilling by choosing the best parameters. 
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• Better definition of coal seams. 

• Identification of weak and strong zones. 

• Optimization of blast design. 

• Improved data reports. 

• Less resource required for log interpretation and data handling. 

 

According to Smith, one of the most important potential uses of MWD in mining is to 

locate the blasthole because it can provide information (rock properties) in real time for a 

specific bench. Therefore, it would be possible to optimize the fragmentation during the 

blast; nevertheless, the current available information is limited because of the high costs 

involved and the losses in productive time. Furthermore, there is one real case shown in 

this paper where the MWD has been successfully used, the Ernest Henry gold and copper 

mine, Queensland, Australia, where the Aquila system® was used to perform the MWD. 

The system was set up to record depth, time, rate of penetration, rotary speed and torque; 

also, the sampling rate was 0.05 Hz. After analyzing the data, it was determined that the 

vibration level and the specific energy were related in a way and, furthermore, that they 

were inversely proportional. Finally, the author of the paper suggests the use of Neural 

Networks as an improvement in the recognition of rock characteristics. 

 

In order to have effective ore body delineation and estimation of rock characteristics, it 

has been necessary to develop a new method to achieve this purpose. Therefore, the study 

of geophysical parameters has been gaining relevance in recent years. For instance, 

according to Fallon and Fullagar in “Geophysics in Metalliferous Mines for Ore Body 
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Delineation and Rock Mass Characterization” (1997), geophysical parameters and 

properties have been used by mines because geophysical methods can provide accurate 

estimates with low costs. Also, the paper divides in two groups the geophysical methods; 

the first once is called geophysical logging method, which tries to retrieve geophysical 

data in-situ; in other words, very close to borehole and the sensors. The second once is 

called geophysical imaging and this method tries to determine geophysical parameters 

which are placed very far from the sensors or boreholes. The geophysical logging 

methods are mainly applied for geological interpretation (hole to hole correlation), ore 

boundary definition, grade estimation and geotechnical characterization of rock mass. The 

other group, geophysical imaging, is used primarily in mineral exploration. In addition, 

Fallon and Fullagar pointed out a very interesting application for this technique, which is 

the blasting optimization in open pit mines; also, they mentioned the case of the Ely open 

pit mine in Nevada, where the cost in drilling and blasting dropped 17% by only 

correlating the seismic refraction (from geophysical logging) and blastability. Finally, the 

paper mentions some future applications of this technique, one of which is particularly 

relevant: The Logging While Drilling or LWD (mentioned in “Improvements in Blast 

Fragmentation Using Measurement While Drilling” by Smith (2002)) which consists of 

the recording of geophysical data while drilling. The LWD is proposed because the MWD 

is not always able to detect all rock properties (such as the rock hardness). 
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Chapter 3: Data Set & Pre-Processing 

 

3.1 Data Set 

 

The data used in this thesis were obtained at the Fording River surface coal mine, located 

in the Elk Valley of south-eastern British Columbia. A total of 17 blastholes were 

analyzed, divided into 3 groups corresponding to 3 different benches at the mine site. 

 

3.1.1 Data Characteristics 

 

The blasthole drills used at Fording River were equipped with the Aquila® DM-2 System, 

which monitored and collected the following variables: 

 

• Rotary Speed (RPM). 

• Rotary Torque. 

• Pulldown Force. 

• Pulldown Rate (i.e. Rate of Penetration). 

• Bailing Air Pressure. 

• Head Lateral Vibration. 

• Bit Position. 
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In addition, the Aquila system also output the following variables: 

• Blastability Index (calculated). 

• Rock Type (labelled): 

• Rock Type 1: Coal. 

• Rock Type 2: Medium Hardness. 

• Rock Type 3: Hard. 

 

Note that while the Aquila system is capable of collecting up to three channels of 

vibration: Mast Axial Vibration and Head Vertical Vibration, in addition to Head Lateral 

Vibration. These other two channels were not available in this data set, so only the Head 

Lateral Vibration was analyzed. 

 

3.1.2 Lithology 

 

The three different benches, named EZ, EX, and EL, have different lithological 

sequences. The lithological characteristics of these groups are explained below: 

 

• Group EZ:  

o Thick coal seams. 

o Small and thick coaly mudstone zones under, over and within the coal. 

o Small and thick mudstone zones under, over and within the coal. 

o Broken or caved zones at the collar. 

• Group EX: 
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o Interbedded mudstone zones. 

o Interbedded siltstone zones. 

o Thin and thick coal seams. 

o Thick sandstone and siltstone zones within mudstone. 

• Group EL: 

o Thick mudstone zones under and over thick coal seams. 

o Sandstone and siltstone zones bounded by mudstone. 

o Interbedded siltstone and mudstone. 

 

3.1.3 Sampling Rate 

 

In some blastholes (EZ-5512, EZ-5314, EZ-5413, EZ-5611, EZ-5711, EZ-5810, and EZ-

5909) the sampling frequency used to record the drill variables was 1 Hz, while for others 

(EX-3610, EX-3708, EX-3757, EZ-5710, EL-5715, EZ-5809, EL-5815, EL-6015, and 

EL-6115) the sampling rate was 5 Hz. The reason why two different sampling rates were 

used was to verify if different sampling rates can affect the accuracy of the Aquila® rock 

recognition; the conclusion was the sampling rate does not affect the accuracy of the 

classification system. However, the sampling rate does play a role in aspects of the 

research in this thesis. 
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3.1.4 Geophysical Data 

 

In addition to the data acquired by the Aquila® drill monitor, geophysical data is available 

for each blasthole. This geophysical data is used in this thesis for two different purposes. 

The first is to have an independent rock classification; because geologists can interpret 

the geophysical data and use it to classify the rock types along blastholes. The second is 

to use this geophysical data as another input to a different type of rock classification 

system, as will be explained in further detail in Chapter 4. 

 

3.2 Filtering of Raw Data and Normalization 

 

3.2.1 Filtering Procedure 

 

The first step was to filter the available drill data, since some anomalous segments were 

found in the monitored data files during preliminary analysis. The anomalies encountered 

included: 

• Negative rate of penetration (hoisting/retracting). 

• Negative or zero rotary speed (stalling/reaming). 

• Sudden increases of rotary speed (spikes). 

• Decreasing depth hole (hoisting/retracting). 

• Sudden variations of pulldown force.  

• Negative values of the Blastability Index. 
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These anomalies were found to be artefacts of the way in which the drill data was 

monitored and the implementation of the Blastability Index calculation in the Aquila 

system. Most of them are caused by the interruption of the normal functioning of the 

drilling process by exceptional conditions, such as having to deal with a blocked bit, 

jammed steel, or shift change in the middle of a hole. 

The data was filtered to remove these anomalous segments, using the following steps:  

 

1. All of the segments with negative rate of penetration were deleted. 

2. All of the segments with negative Blastability Index were deleted. 

3. All of the segments with zero or negative RPM were deleted. 

4. Having completed the above three steps, the depth was filtered to ensure 

monotonicity of depth with respect to drilling time. If two consecutive depth 

measurements were found such that the first one was larger than the second one, 

the second measurement was deleted. This procedure was repeated until all of the 

depth measurements were greater than or equal to the next consecutive one. 

5. If the application of the depth filtering in the previous step resulted in the removal 

of 10 or more samples, an additional number of samples before and after the 

removed segment, equal to 10% of the segment size removed in step #4, were also 

removed. This was implemented to ensure smoothness and continuity of the 

filtered data set. 

 

The following flowchart illustrates these filtering steps. 
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 Raw Sample 

Penetration Rate 
negative? 

Blastability 
Index negative? 
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or zero? 
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sample? 
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delete buffer 
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No
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No 
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samples in delete buffer 

Yes 

Check if 
there is a 

sample ahead 

No

Yes 

Calculate 10% of 
number of samples 

Empty delete buffer 

Select as many as back and 
forward samples from saved 
sample set than the number 

computed before 

Yes 

End Filtering 

No

 
Figure 3-1: Data Filtering Algorithm Flowchart. 

 

No
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3.2.2 Data Normalization 

 

Another issue identified during the preliminary data analysis was that the ranges of 

features (monitored variables) varied considerably, in some cases, between different 

holes. This behaviour could seriously complicate any form of statistical or neural network 

analysis, since data/feature ranges would not be consistent. In order to correct this, all the 

monitored variables (except depth), were normalized to ensure that the range of each one 

was between 0 and 1. This was achieved as follows, for each variable/feature: 

 

1. The set of a particular variable for one blasthole was chosen (for instance, all the 

filtered penetration rate values monitored in that blasthole). 

2. The minimum and maximum values of that variable in that set (i.e. that blasthole), 

were calculated and saved. 

3. This minimum value was subtracted from each sample of that variable for that 

blasthole. 

4. These new measurements of the variable were then divided by the range of the 

variable (maximum minus minimum values, as determined in step #2). 

 

This type of normalization was chosen because it was desirable that each variable have 

the same statistical weight, since, at the time, it was not known which variables were most 

relevant to rock type classification. Note also that this normalization procedure ensures all 

values used are non-negative. 
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3.3 Selection of Features 

 

3.3.1 Preliminary Selection 

 

Having filtered and normalized the data, it is necessary to determine which drilling 

variables/features are most representative of the rock type. Therefore, for each of the 

logged blastholes, the rotary speed (RPM), torque, pulldown force, rate of penetration, air 

pressure, head lateral vibration, and the rock type (as assigned by the Aquila System®) 

were plotted versus the depth. The most representative of these plots for each geological 

group are shown below. 

 

 
Figure 3-2: Plot of drilling variables and Aquila rock type - blasthole EL-6115. 
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Figure 3-3: Plot of drilling variables and Aquila rock type - blasthole EX-3708. 

 

 
Figure 3-4: Plot of drilling variables and Aquila rock type - blasthole EZ-5512. 
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From these figures (3-2, 3-3, and 3-4), it can be seen that the Torque, Pulldown Force and 

the Rate of Penetration appear to be well correlated with rock types or the transitions 

between rock types. Rate of Penetration has an inversely proportional relationship with 

the rock type strength, and the Torque and Pulldown Force both have directly 

proportional relationships to the rock type strength (Note that the reference or baseline 

used to reach this conclusion was the Aquila System® rock classification). 

 

While Air Pressure has previously been tried to be used by commercial rock recognition 

systems to detect the presence of fractures or broken rock, it does not yield any 

information about rock type. The same applies to RPM measurements. Vibration 

measurements on the head or mast also have a low correlation to rock types, since the 

drill rig filters out high frequency components; therefore, the vibrations which could be 

important and would give useful information for the rock type recognition are not 

detected since they have low amplitude and high frequency, and tend to be absorbed by 

the machine structure. However, vibration measurements might be more useful in other 

deposits where the differences of rock hardness are high. However, for this coal deposit, 

it was seen that the lateral vibrations were not useful. 

 

3.3.2 Principal Component Analysis 

 

To more rigorously establish the relevance of the various drilling variables to rock 

classification, a Principal Components Analysis (PCA) was performed. The PCA serves 

to reduce the dimensions of the classification problem, and hence to simplify any 
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potential rock classification system. It also serves to validate the choice of the three 

features (torque, penetration rate, and pulldown force) which were selected in the 

previous section (Note that the PCA statistical technique has been explained in the 

previous chapter). 

 

The PCA was initially used to determine which variables were best suited for rock type 

classification: therefore, all of the drill variables (RPM, torque, pulldown force, rate of 

penetration, air pressure, and head lateral vibration) were selected as inputs. These 

features were then normalized using the technique outlined previously in this chapter. 

 

However, it is evident that the penetration rate is inversely proportional to the torque and 

pulldown force in all of the blastholes. This observation makes sense, because when the 

rock is soft, it is not necessary to set a high torque and pulldown force to fragment the 

rock quickly; on the other hand, when the rock is hard, the torque and pulldown force are 

high since it is necessary to transfer more energy to achieve fragmentation. Therefore, to 

simplify further analysis, such that all of the features have the same general behaviour, 

the values of the penetration rate were multiplied by -1 before starting the normalization.  

 

The principal components were then computed taking all drill signals for each blasthole; 

the software used to compute them was MATLAB®. As examples of the results obtained, 

the first principal components for the blastholes EL-6115, EX-3708, and EZ-5512 are 

shown below.  
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Figure 3-5: First Principal Component and Aquila rock type - blasthole EL-6115. 

 

 
Figure 3-6: First Principal Component and Aquila rock type - blasthole EX-3708. 
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Figure 3-7: First Principal Component and Aquila rock type - blasthole EZ-5512. 

 

 

The initial impression after looking at the above results is that the first principal 

component serves as a good indicator of rock type, able to concentrate the drilling data 

into one single variable. However, this conclusion is erroneous, since in some cases the 

first principal components were not able to match the rock type computed by the Aquila 

System®. An example of such a case is shown in the next figure, for blasthole EL-5715, 

where the first principal component is very poorly related to rock type. 
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Figure 3-8: First Principal Component and Aquila rock type - blasthole EL-5715. 

 

 

Hence, it is clear that the first principal component, computed by using all of the drilling 

variables, is not by itself necessarily a good indicator of the rock type and is therefore not 

a good candidate for future classification analysis. However, using the second principal 

component, in cases such as blasthole EL-5715 where the first principal component was 

not adequate, proves to be quite effective – as shown below in Figure 3-9.  
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Figure 3-9: Second Principal Component and Aquila rock type - blasthole EL-5715. 

 

This was checked by calculating the linear correlation between FPC and SPC, and the 

overall rock classification performed by Aquila System. Because this problem was also 

noted that several other blastholes, namely EL-5515, EL-5815 and EL-6015, the 

correlation was calculated for all of them. The next table summarizes the correlation 

results: 

 

Table 3-1: Correlation between Aquila Classification, and FPC and SPC. 

Blasthole Aquila versus 
FPC 

Aquila versus 
SPC 

EL-5515 0.58 0.72 
EL-5715 0.56 0.71 
EL-5815 0.62 0.86 
EL-6015 0.26 0.76 
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An analysis of the coefficients of the PCA’s for each blasthole was performed by plotting 

the features of their first and second principal components, to determine which variables 

were more heavily weighted than others (Note that this analysis could be done because 

the drilling variables had been normalized before performing the PCA, so each variable 

had the same range). 

 

The following figures show two cases with the problem mentioned before (lack of 

correlation of first principal component with rock type) and two cases where the first 

principal component performed well. The numbers on the figures represent:  

 

1. Rotary Speed (or RPM). 

2. Torque. 

3. Pulldown Force. 

4. Rate of Penetration. 

5. Air Pressure. 

6. Vibration. 
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Figure 3-10: Coefficients of First and Second Principal Components - blasthole EL-5815 (First 

Principal Component not well correlated with rock type). 
 

 
Figure 3-11: Coefficients of First and Second Principal Components - blasthole EX-3610 (First 

Principal Component well correlated with rock type). 
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Figure 3-12: Coefficients of First and Second Principal Components - blasthole EL-5715 (First 

Principal Component not well correlated with rock type). 

 
Figure 3-13: Coefficients of First and Second Principal Components - blasthole EZ-5314 (First 

Principal Component not well correlated with rock type). 
 
 

As can be seen in Figures 3-10 and 3-12, the Pulldown Force, RPM, and Torque (in that 

order) are the most heavily weighted features of the First Principal Components (FPC) 
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and the Penetration Rate, Torque and RPM are the heaviest features in the Second 

Principal Component (SPC). The cases in Figures 3-10 and 3-12 correspond to those ones 

which the SPC is correlated to rock types and FPC does not. On the other hand, for the 

“normal” cases (FPC matches to rock types), which correspond to the Figures 3-11 and 3-

13, the Torque, Pulldown Force, and Penetration Rate (in that order) are the most heavily 

weighted features of the FPC. Therefore, it can be concluded that, in general, RPM and 

Pulldown Force are not a good indicator of the rock type for the geology in question 

because they are not present in both cases (FPC or SPC good rock indicator), but the 

Torque and Penetration Rate are always there. Even though the Pulldown Force has the 

heaviest influence in the FPC when it represents well rock type behaviour, its weight in 

the cases which the SPC is relevant is near zero (Figures 3-10 and 3-12). 

 

In addition to concluding that the Pulldown Force is not a robust rock type indicator, 

some practical issues need to be considered before finalizing the choice of features. 

During the normal drilling of a blasthole, the machine operator (or, in the case of an 

automated drill, the feedback control system) may continuously be changing the 

Pulldown Force in order to obey constraints on torque or penetration rate. Hence 

Pulldown Force was rejected as a rock classification feature, due to its dependency on 

operator/controller behaviour. In contrast, the Torque is not directly influenced by the 

operator/controller, and the Rate of Penetration is very heavily dependent on the 

mechanical properties of the rock. 
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Hence, it can be concluded that the Torque and the Rate of Penetration are the best inputs 

for a rock type classification system. Therefore, the principal components were computed 

again, but this time, their input features were only the Torque and Rate of Penetration. 

However, another problem appeared which is going to be explained in the next section. 

 

3.3.3 Robustness of Principal Component as Rock-Type Indicator 

 

Based on the results from the previous section, directly using the principal components 

computed using only the two selected variables (Torque and Penetration Rate) might be 

considered as a solution to the rock classification problem. However, examining the 

behaviour of the first principal component computed in this manner, as shown in the 

following two figures, indicates a problem with using it directly for classification 

purposes. 
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Figure 3-14: First Principal Component (with only two variables – Torque and Penetration Rate) for 

EL-5715. 
 

 
Figure 3-15: First Principal Component (with only two variables – Torque and Penetration Rate) for 

EZ-5314. 
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So clearly, the FPC’s for these blastholes are not consistent, they appear inverted relative 

to each other, with respect to the rock type. The problem could be fixed by, for instance, 

selecting the maximum values of the features and to see if one of them matches with the 

maximum value of the First Principal Component (FPC). Hence, it is concluded that PCA 

is not in itself a robust indicator of the rock type, because the FPC can be directly and/or 

indirectly proportional to the rock type, and is therefore inconsistent. As a result, it was 

decided not to continue working directly with the Principal Components as indicators of 

rock type. However, Principal Component Analysis was very useful in helping select and 

justify the choices of Torque and Penetration Rate as the most useful indicators of rock 

type. 

 

3.4 Windowing Techniques Applied to Rock Recognition 

 

The application of windowing techniques was explored for two different reasons: 

 

• To reduce noise by smoothing. 

• To detect transitions between rock types. 

 

3.4.1 Selection of FPC as the Windowed Variable 

 

There is strong motivation to determine whether some processing of the FPC can enable 

good performance of a rock type classifier using solely the FPC as its input – since 
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reduction of the drill data set to a single variable makes for far more efficient 

classification. Although it has been shown in the previous sections that the FPC is not, by 

itself, a good candidate as an input to a rock classification system, it was chosen as the 

input variable the investigation of windowing techniques. This is because the 

shortcomings of the FPC (e.g. inverted response to rock types in some cases) do not 

impact the performance of the windowing methods – which essentially focus on local 

behaviour of a signal. In addition, a Pareto Analysis based on the covariance matrix of the 

principal components (Figure 3-16) shows that the FPC contains roughly 73% of all of 

the information in the entire drill data set. 

 

 
Figure 3-16: Pareto Analysis for Principal Components (with only two variables – Torque and 

Penetration Rate). 
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3.4.2 Smoothing and Decimation Windowing Technique 

 

This technique consists of a window of fixed length, which is moved, in a non-

overlapping manner, along the data set to compute the mean value within that window. 

This computed mean of the window becomes a new measurement: i.e. for a data set with 

N samples, and window length L, the output of the windowing method consists of only 

N/L measurements. The depth variable is windowed in the same manner, so that the depth 

associated with the new measurement is the average depth within the window.  

 

 

 

The question arises as to what length of window yields useful results. Several different 

window lengths were tested, leading to selection of window sizes of 2 and 10 samples or 

piece of data, for sampling rates of 1 Hz and 5 Hz respectively. The following four 

figures show the results obtained using this windowing method. 
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Figure 3-17: First Principal Component - smoothed and decimated using windowing (size 2), versus 

Rock Type labeled by Aquila - blasthole EX-3610 (sampled at 5 Hz). 
 

 
Figure 3-18: First Principal Component - smoothed and decimated using windowing (size 10), versus 

Rock Type labeled by Aquila - blasthole EX-3610 (sampled at 5 Hz). 
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Figure 3-19: First Principal Component - smoothed and decimated using windowing (size 2), versus 

Rock Type labeled by Aquila - blasthole EZ-5413 (sampled at 1 Hz). 
 

 

 
Figure 3-20: First Principal Component - smoothed and decimated using windowing (size 10), versus 

Rock Type labeled by Aquila - blasthole EZ-5413 (sampled at 1 Hz).  
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After analyzing all of the blastholes, it was observed that the window size should be 

chosen to achieve an average spatial sampling of the depth of roughly 5 centimetres. This 

is in line with the geometrical engagement of the drill bit with the rock and the way in 

which lithology varies along the whole depth: the tricone drill bit must move several 

centimetres along the hole before it is fully engaged in a new geological zone. 

 

This smoothing and decimation windowing technique yielded good noise reduction. 

However, this method was not used in the subsequent research of this thesis, since other 

non-statistical techniques (pattern recognition) were used and the smoothed FPC signal 

did not play a role in them. 

 

3.4.3 Variance Window Method 

 

The second windowing technique also employs a fixed length, non-overlapping, window, 

with a mean value calculated in the same manner as in the first technique. However, in 

this technique, this mean value is subtracted from each data point in the window. Thus, 

for a data set of N samples, this technique yields N measurements. 

 

The following figures show the results of applying this windowing to blastholes EL-6115 

and EZ-5314 computed with window sizes 2 and 10 samples.  

 



 76

 
Figure 3-21: First Principal Component – processed using Variance Windowing (with window size 2), 

versus Rock Type labeled by Aquila- blasthole EL-6115 (sampled at 5 Hz). 
 

 
Figure 3-22: First Principal Component – processed using Variance Windowing (with window size 

10), versus Rock Type labeled by Aquila - blasthole EL-6115 (sampled at 5 Hz). 
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Figure 3-23: First Principal Component – processed using Variance Windowing (with window size 2), 

versus Rock Type labeled by Aquila - blasthole EZ-5314 (sampled at 1 Hz). 
 

 
Figure 3-24: First Principal Component – processed using Variance Windowing (with window size 

10), versus Rock Type labeled by Aquila- blasthole EZ-5314 (sampled at 1 Hz). 
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As can be seen in Figures 3-21, 3-22, 3-23 and 3-24, the same blastholes yield quite 

different results due to window size. The same observation about the size of window as 

made in the previous section applies: the window has to be smaller when the sampling 

rate is low, to prevent over-smoothing.  

 

Based on the above results, the frequency content of this windowed signal appeared to be 

a possible candidate for feature selection. The Fast Fourier Transform (FFT) of the 

variance-windowed FPC over an entire hole was computed, for each of the seventeen 

blastholes. (Note that the FFT’s were normalized to ensure match of FFT amplitude to 

time-domain peak-to-peak amplitude.) An examination of these spectra makes it evident 

that the frequency and amplitude of this signal are correlated to the hardness of the rock 

in the blasthole. For example, in the case of blasthole EL-6115, its spectrum, which is 

shown in Figure 3-25, shows a strong peak of amplitude 0.4 at around 0.1 Hz. An 

examination of the non-windowed FPC for this blasthole, previously given in Figure 3-

22, shows that rock Type 3 corresponded to 0.4 peak-to-peak amplitude. However, this 

relationship is not so clear for the other rock types in this blasthole. This may be due the 

low sampling rates used – since the fundamental rotation frequency is due to the rotary 

speed – typically between 60 and 120 RPM (1 to 2 Hz) – which results in the primary 

forcing function in terms of energy input being at 3 to 6 Hz (due to the three cones of the 

tricone bit rotating at three times the rotation speed). Note that even 5 Hz sampling is still 

too slow to prevent aliasing in this range.  
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Figures 3-27 exhibits a similar response to Figure 3-25. However, Figures 3-26 and 3-28, 

which were sampled at only 1 Hz, show different behaviour, with the spectrum skewed up 

towards 0.5 Hz (which is the Nyquist frequency). This may be due to a grade of aliasing 

of the signal (since the Nyquist criterion is almost certainly being violated – using a 1 Hz 

sampling for a signal which has critical content at above 6 Hz.) 

 

In addition, correlation between the frequency and the rock type may be more distinct if 

the FFT was computed on short segments of the data, e.g. every 10 centimetres. However, 

again the sampling rates used preclude this being investigated.  

 

 
Figure 3-25: FFT of window signal for blasthole EL-6115 (5 Hz). 
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Figure 3-26: FFT of window signal for the blasthole EZ-5314 (1 Hz). 

 

 
Figure 3-27: FFT of window signal for the blasthole EL-5715 (5 Hz). 
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Figure 3-28: FFT of window signal for the blasthole EZ-5612 (1 Hz). 

 
 

In conclusion, it appears that the frequency spectrum of the variance-windowed FPC 

signal could be useful as a feature for input to a classification system. However, due to 

the limitations on sampling rate in the available data set, this cannot be pursued further in 

this thesis. 
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Chapter 4: Backpropagation Neural Networks Applied to 

Rock Type Recognition 

 

Following on from the analyses and results of the previous chapter, it was clear that other 

techniques needed to be investigated in order to achieve the ultimate goal of improving 

rock classification based on monitoring while drilling. Hence, this chapter focuses on 

Artificial Neural Network (ANN) models for the classification of rock types, and in 

particular on Backpropagation (BP) neural networks. 

The software used for the neural network analysis in this chapter was MATLAB’s Neural 

Network Toolbox, release R2006A 

 

4.1 Introduction to Backpropagation Neural Networks 

 

The theory behind this type of neural network has already been covered in Chapter 2, so 

the concepts and terminology in this section should not be unfamiliar: 

 

• Inputs: Two inputs to the BP ANN were initially used in this analysis: Torque 

and the Rate of Penetration. This choice was driven by the outcomes of the 

Principal Component Analysis from the previous chapter. 

• Targets: The rock type classification data given by the Aquila System® was used 

as the target set, since there were no other targets available at this point (Other 
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targets will be generated by the other method which is explained in Chapters 5 and 

7). 

 

Having chosen the inputs and target set, there are some guidelines which have to be 

followed when working with ANNs to achieve good performance: 

 

• The number of nodes is at least N-1, where N is the number of desired clusters 

(classes), assuming the BP neural network only has one hidden layer. 

•  The network must not to be over-trained; otherwise, the net tends to memorize 

instead of recognizing. To avoid this problem, the training must stop when a 

stable global error is reached. 

• The minimum number of training inputs is computed by the following equation: 

⎟⎟
⎠

⎞
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⎝

⎛
−−

≥
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log*
)1( a

n
a

WP                                             (4-1) 

 Where: 

1. P is the number of training samples. 

2. W is the number of weights to be trained. 

3. a is the expected accuracy of the test. 

4. n is the number of nodes. 

 

Therefore, for BP neural network with 2 nodes in the input layer, 3 nodes in the 

hidden layer and one node in the output, 95% accuracy, and 9 weights, the 

minimum number of samples is 375. If there are 4 nodes in the hidden layer, the 

number of samples is 500. 
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• It is advisable to include as training inputs the minimum and maximum values of 

the inputs, if both values are far removed from the average (high variance). 

 

In addition to following the above guidelines, the raw data was normalized to assure the 

best possible performance. Because the normalization step can be critical in determining 

ANN performance, it is explained in detail in the next section. 

 

4.2 Data Normalization for BP ANN 

 

Normalization of the raw training data is necessary to ensure that all of the input variables 

have the same weighting, as well as to ensure that the range of training inputs matches the 

range of the testing inputs. This normalization is similar to the normalization performed 

on the inputs used the Principal Component Analysis (see previous chapter), but there is a 

difference that needs to be explained. The difference is that in the BP ANN normalization 

case the maximum and minimum values of inputs/features from the training set are used 

(as opposed to the maximum and minimum values from the entire data set). Apart from 

this, normalization is implemented in the same manner as in the PCA case, so the ranges 

of the normalized features in the training set are set to be between 0 and 1, as in the 

previous analyses. 

 

Having trained the network, testing inputs are normalized as well. The minimum and 

maximum values which are used to normalize them are the same ones used in the 

normalization of training inputs, so the minimum and maximum values of the testing set 
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are not searched. This ensures coherency of the overall set of data, and provides a basis to 

compare inputs and results. If normalization was not affected in this manner, some 

misclassifications could result due to the new inputs being overvalued or undervalued by 

the network, and the overall performance of the neural network would suffer.  

 

4.3 Backpropagation Neural Network Training Data & Settings 

  

As discussed above, the data set was normalized prior to application of the BP networks. 

The initial step in evaluating the BP technique was to investigate if a simple 

backpropagation network was able to reproduce the labelling results of the Aquila 

System®, so at least, the BP ANN is not doing worse than the commercial standard. Four 

training sets were prepared for this test, based on the number of samples in a hole, and a 

percentage of the total data. The blastholes were first sorted according to their number of 

samples, so the blasthole set with more samples was the first and the blasthole set with 

least data was the last one. Then, the accumulated percentage of data was calculated in 

order to make the four training sets, corresponding to 25%, 50%, 80%, and 100% of the 

total amount of blasthole data available. The table below shows which blastholes belong 

to each training set: 
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Table 4-1: Training Data Sets. 

Blasthole Size 
Accumulated 
Percentage Training Set 

6015 5603 13 
6115 5479 26 

Nominal 25% of Data 
Training Set 

5809 4248 36 
3610 4020 46 
3708 3749 54 

Nominal 50% of Data 
Training Set 

3757 3736 63 
5815 3605 72 
5715 3451 80 

Nominal 80% of Data 
Training Set 

5710 3244 88 
5810 750 89 
5909 744 91 
5512 676 93 
5413 676 94 
5314 663 96 
5612 606 97 
5611 590 99 
5711 581 100 

100% of Data Training Set 

 

Having selected the training sets, the initial settings of the BP network were chosen as 

listed below: 

• Torque and Penetration Rate as inputs to the network. 

• Two nodes in the input layer. 

• One hidden layer with 3 nodes. 

• One node in the output layer. 

• Aquila System® classification as targets. 

• The transfer function for nodes was TANGSIN: 

( ) ( ) 1
1

2
2 −

+
= − xe

xf                                                  (4-2) 

 
• Training method: Levenberg-Marquardt algorithm. 
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A network with the above configuration was trained with the 25% training dataset, and 

the Mean-Square-Error (MSE), which is the indicator used for the training quality, was 

computed. Other configurations were tested to see if the training performance could be 

improved by adding more nodes in the hidden layer. It was observed that the MSE was 

not severely impacted by adding more hidden nodes (4, 6, or 8 nodes). Hence, the original 

configuration of the BP network was kept due to its simplicity.  

The BP network was then trained again, for each of the other two training datasets (50% 

and 80%).  The results of applying these three trained BP networks, to the holes which 

were not part of the training sets, are given in the next section. 

 

4.4 BP NN Results – Torque & Penetration Rate as Inputs 

 

The following three figures show the classification performance of the BP network 

trained with the 25% training data – the “worst case” scenario of the four possible 

training data sets. Only one blasthole per geological group (EL, EX, and EZ) is shown in 

the figures, to illustrate typical performance per group, while not overwhelming the 

reader with graphical representations of performance.   
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Figure 4-1: Rock type classification for blasthole EL-5815: BP network based on Torque & 

Penetration Rate as inputs with 25% Training Data (top), and Aquila (bottom). 
 

 
Figure 4-2: Rock type classification in blasthole EZ-5314: BP network based on Torque & 

Penetration Rate as inputs with 25% Training Data (top), and Aquila (bottom). 
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Figure 4-3: Rock type classification in blasthole EX-3610: BP network based on Torque & 

Penetration Rate as inputs with 25% Training Data (top), and Aquila (bottom). 
 

These figures indicate the BP model is able to approximate the results from the Aquila 

System®, even if only a relatively few samples are used to train the network. To evaluate 

BP performance more quantitatively, classification metrics were derived. Three different 

metrics were calculated: 

 

• Overall Classification Accuracy (relative to Aquila): This metric is an indicator 

of overall performance. It compares all the outputs of the BP network to the 

Aquila System®, for the each blasthole. The labelling of the entire hole by the 

Aquila System® classification is used as the baseline – i.e. performance of a BP 

network would be 100% if the outputs (labels) from the BP network were exactly 

the same as those from the Aquila System® classification. Depth [m]
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• Coal Classification Accuracy (relative to Aquila): This metric is an indicator of 

coal detection. It compares the outputs of the BP network to the Aquila System®, 

for each blasthole, but only for those data points which have been labelled as coal 

by the Aquila System. The labelling of coal by the Aquila System® classification 

is used as the baseline – i.e. performance of a BP network would be 100% if the 

points labelled as coal by the Aquila System® were also labelled as coal by the BP 

network. 

• Overall Classification Accuracy (relative to BP trained with 100% of data): 

This metric is an indicator of the sensitivity of BP performance to the percentage 

of training data used. It compares all the outputs of a BP network relative to a BP 

network trained with the entire dataset, for each blasthole. The labelling by the 

100% trained BP network is used as the baseline – i.e. performance of a BP 

network would be 100% if the outputs (labels) from the BP network were exactly 

the same as those from the 100% trained BP network. 

 

These metrics were calculated for all the blastholes that were not in the 25%, 50%, or 

80% training data sets. The results are summarized in the following three tables. 
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Table 4-2: Overall Classification Accuracy for BP network based on Torque & Penetration Rate as 
inputs, with 3 different percentages of Training Data, relative to Aquila baseline. 

Percentage of data Blasthole 
80% 50% 25% 

5314 95.56 95.27 95.86 
5413 96.03 96.03 97.36 
5512 93.76 93.36 94.07 
5611 94.97 94.97 94.82 
5612 96.44 96.44 96.61 
5710 93.59 93.06 94.85 
5711 97.25 97.28 96.93 
5810 93.87 93.63 94.46 
5909 95.48 95.32 95.48 

Average 95.22 95.04 95.60 
Max 97.25 97.28 97.36 
Min 93.59 93.06 94.07 

 

 

 

 

Table 4-3: Coal Classification Accuracy for BP network based on Torque & Penetration Rate as 
inputs, with 3 different percentages of Training Data, relative to Aquila baseline. 

Percentage of data Blasthole 
80% 50% 25% 

5314 99.85 99.85 99.70 
5413 98.84 98.84 98.84 
5512 99.32 99.20 99.25 
5611 98.96 98.96 98.82 
5612 99.49 99.49 98.81 
5710 98.37 98.21 98.27 
5711 99.01 98.96 98.52 
5810 99.95 99.97 99.81 
5909 99.70 99.55 99.70 

Average 99.28 99.23 99.08 
Max 99.95 99.97 99.81 
Min 98.37 98.21 98.27 
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Table 4-4: Overall Classification Accuracy for BP network based on Torque & Penetration Rate as 
inputs, with 3 different percentages of Training Data, relative to BP network with 100% Training 

Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 99.56 99.26 99.56 
5413 99.17 99.17 99.17 
5512 99.32 98.92 99.11 
5611 99.85 99.85 99.70 
5612 99.15 99.15 99.32 
5710 98.89 98.37 98.92 
5711 99.59 99.22 99.33 
5810 99.41 99.06 99.41 
5909 99.70 99.55 99.40 

Average 99.41 99.17 99.32 
Max 99.85 99.85 99.70 
Min 98.89 98.37 98.92 

 

 

As can be seen in Table 4-2, overall rock-type classification accuracy averages roughly 

95%; in contrast, Table 4-3 shows that coal classification accuracy averages over 99%.  

Hence we can conclude that this simple BP ANN, when trained using the Aquila 

classifications as targets, can reproduce that same classification very well: the BP ANN’s 

results are robust since misclassification of coal is much lower than overall 

misclassification. In addition, the sensitivity of the BP ANN to the size of the training 

data set is low, as shown by the results in Table 4-4. 

Note that this BP ANN, using penetration rate and torque as the inputs, can only perform 

as well as the target set which is used to train it. 
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4.5 BP NN Design and Implementation – adding Geophysical 

Density as Inputs 

 

Even though classification accuracy and sensitivity results from the previous section are 

good, there is a major unanswered question: can the addition of data regarding the 

geology improve its performance further? One source for such data is the geophysical 

logs which were available for some of the blastholes. Therefore, it was decided to change 

the inputs and to include geophysical data, which came from boreholes, to see the 

possibility to improve the results by adding external information. Because of this analysis 

involved different tasks, the addition of geophysical data for rock recognition is going to 

be explained in detail in the section. 

 

The geophysical density log was now added as another input for the BP ANN, to 

investigate if having another source of information might help to recognize some 

geological structures which were not well discriminated in the original source of data 

(drill monitoring). Furthermore, the geophysical density log was added twice in the input 

set, in order to balance the input set 50:50; in other words, half of the input set is 

composed of drill monitoring signals (torque and penetration rate), and the other half is 

composed of geophysical data (density log input twice, to two separate input nodes).  

 

Having given the reasons to include the density log twice in the input set, there is a 

problem about the original density log data which had to be fixed before adding this 

variable to the input set. The torque and rate of penetration, and the density log do not 
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have the same number of measurements: the density log has fewer samples than the 

variables from drill monitoring, since it is collected at a much lower sampling rate. 

Hence, the density log data had to be modified to have the same number of samples as the 

torque and the penetration rate. This was achieved by linear regression, using the depth 

variable from the torque and rate of penetration measurements as the X variable, and the 

density log as the Y variable. The interpolation procedure begins by searching for a depth 

measurement in the torque and rate of penetration logs which does not have a 

corresponding density log value. As soon as such a depth value is found, the interpolation 

procedure looks for the two closest (relatively positive and negative) depth values in the 

density log data set: linear interpolation is then made between these two values to obtain 

the corresponding density log value. This procedure continues until either the geophysical 

data set is completely read or the torque and rate of penetration data set is completely 

read.  

 

Having derived the interpolated density logs, this is normalized in the same way as the 

drill inputs were normalized at the beginning of this Chapter. The same BP ANN as used 

in the previous section was adapted for the new input set. The only change to the BP 

ANN was the number of nodes in the input layer, which rose to 4 nodes since the number 

of input variables for the BP model is now 4 (torque, penetration rate, and density log – 

twice). Increasing the number of nodes in the hidden layer was investigated using the 

behaviour of the MSE, but it was found that the same number of hidden nodes (3) as used 

in the previous section was optimal. 
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4.6 BP NN Results – Torque and Penetration Rate Plus 

Geophysical Density as Inputs 

 

The following three figures show the classification performance of the BP network 

trained with the 25% training data – the “worst case” scenario of the four possible 

training data sets. As before, only one blasthole per geological group (EL, EX, and EZ) is 

shown in the figures, to illustrate typical performance per group, while not overwhelming 

the reader with graphical representations of performance.   

 

 
Figure 4-4: Rock type classification for blasthole EL-5815: BP network based on Torque, Penetration 

Rate, and Geophysical Density as inputs with 25% Training Data (top), and Aquila (bottom). 
 

Depth [m]
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Figure 4-5: Rock type classification for blasthole EZ-5314: BP network based on Torque, Penetration 

Rate, and Geophysical Density as inputs with 25% Training Data (top), and Aquila (bottom). 
 

 
Figure 4-6: Rock type classification for blasthole EX-3610: BP network based on Torque, Penetration 

Rate, and Geophysical Density as inputs with 25% Training Data (top), and Aquila (bottom). 
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The same performance metrics as used previously were calculated for this augmented BP 

ANN, with 25%, 50%, or 80% training data sets. The results are summarized in the 

following three tables. 

 

Table 4-5: Overall Classification Accuracy for BP network based on Torque, Penetration Rate, and 
Geophysical Density as inputs, with 3 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 95.71 95.56 95.41 
5413 96.53 95.54 97.85 
5512 93.93 93.36 93.05 
5611 95.56 95.41 95.41 
5612 96.44 96.44 93.90 
5710 94.02 92.97 94.27 
5711 97.45 97.31 97.42 
5810 94.03 93.71 94.49 
5909 95.32 95.17 95.93 

Average 95.44 95.05 95.30 
Max 97.45 97.31 97.85 
Min 93.93 92.97 93.05 

 

Table 4-6: Coal Classification Accuracy for BP network based on Torque, Penetration Rate and 
Geophysical Density as inputs, with 3 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 99.85 99.85 98.96 
5413 98.84 98.84 99.50 
5512 99.18 99.13 98.42 
5611 99.41 99.26 99.41 
5612 99.32 99.49 99.15 
5710 98.46 98.24 99.08 
5711 99.30 99.28 99.59 
5810 99.97 99.97 99.54 
5909 99.70 99.55 99.10 

Average 99.34 99.29 99.20 
Max 99.97 99.97 99.59 
Min 98.46 98.24 98.42 
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Table 4-7: Overall Classification Accuracy for BP network based on Torque, Penetration Rate and 
Geophysical Density as inputs, with 3 different percentages of Training Data, relative to BP network 

with 100% Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 100.00 99.85 97.93 
5413 99.34 98.35 97.36 
5512 99.32 99.22 95.48 
5611 99.41 98.96 98.37 
5612 98.98 98.98 94.41 
5710 99.04 98.06 94.48 
5711 99.36 98.93 98.23 
5810 99.44 99.33 98.23 
5909 99.70 99.55 97.29 

Average 99.40 99.03 96.86 
Max 100.00 99.85 98.37 
Min 98.98 98.06 94.41 

 

Unfortunately, as it can be seen in the figures and tables above, the results of this BP 

ANN with augmented inputs did not show any improvement – they are virtually identical 

to the previous case. 

 

However, an important conclusion can be drawn from these results: namely, that rock 

type estimation cannot be improved by the BP if the original targets (Aquila 

classifications) are not modified. Hence, new targets with more information about rock 

classes must be used.  
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Chapter 5: Clustering Techniques Applied to Rock 

Recognition 

 

As shown in the previous chapter, either an alternative to the Aquila rock type 

classification for labelling of the targets is desirable, or a classification technique which 

does not require prior labelling of targets should be employed. This chapter investigates 

the application of clustering techniques to achieve such an alternative labelling, as well as 

to implement a classifier which does depend upon labelled targets. 

 

5.1 Clusters in the Data Set 

 

As a first step, the two drilling variables identified and used in the previous chapter as the 

most relevant inputs for a classifier, were investigated to see if there was any evidence of 

clearly demarcated clusters. To achieve this, normalized torque was plotted against 

normalized penetration rate. The three following figures show these plots, for one 

blasthole from each geological group. 
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Figure 5-1: Plot of normalized Torque versus normalized Penetration Rate - blasthole EX-3610. 

 

 

 
Figure 5-2: Plot of normalized Torque versus normalized Penetration Rate - blasthole EZ-3757. 
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Figure 5-3: Plot of normalized Torque versus normalized Penetration Rate - blasthole EL-5815. 

  

As can be seen from these figures, fairly well demarcated clusters can be observed in the 

plots. These clusters relate to the rock types in the blastholes; for instance, the cluster 

placed in the upper-left corner of the above figures relates to the softest zone (coal). On 

the other hand, the cluster whose normalized torque and rate of penetration values are low 

corresponds to the hardest rock. Furthermore, there appear to be transition zones (from 

top-right to bottom-left) between cluster, which might be classified as other rock types, 

but were not detected by the Aquila system. Hence, the further investigation of clustering 

techniques for rock type recognition appears worthwhile. 
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5.2 Investigation of the K-Means Clustering Method 

 

The K-Means clustering technique is a statistical method which aims to organize the data 

in clusters according to the number of desired or expected classes in the data set. This 

technique was investigated because the algorithm is very fast and easy to implement. In 

addition, several variables can be used as inputs, so it is very convenient in this research 

because more than one variable is available to be used. However, it soon became evident 

that the technique had some serious shortcomings in this application, which could not be 

overcome.  

 

First of all, even the K-Means algorithm can work with many inputs, the algorithm 

performance highly depends on the initial values. For instance, a data set can be classified 

in two different ways by K-Means by only changing the values already mentioned. 

Furthermore, this classification method has the best performance when each cluster 

created has the same variance. However, this cannot be guaranteed for all cases. One way 

to try to overcome this problem is by using the First Principal Components of torque and 

penetration rate as input of K-Means. The reason is that the PCA retrieves the variables 

that contribute most to the variance of the final results, so the K-Means performance may 

be improved. In spite of the fact that FPC can help to achieve better results computed by 

K-Means, but there is another problem which is more fundamental and ultimately led to 

the rejection of the K-Means technique as a viable clustering method for this application: 

the K-Means clustering method is a local algorithm and not global, i.e. the minimum and 

maximum values of different blastholes are not comparable with each other, even if a 
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normalization is done before the clustering. This also means that the classes (rock types) 

classified by this algorithm are not comparable. The classification can be used only 

locally, i.e. to say where the harder or softer zones are in a particular blasthole, not to 

compare between zones or rock types in different blastholes.  

 

For instance, K-Means can classify a blasthole identically to another blasthole, but the 

actual classes may be different. To illustrate this consider the case of two blastholes with 

labelled rock types as shown in the next figure. (For the sake of this example, we assume 

that the higher the rock type number, the harder the rock type.) 

 

 
Figure 5-4: Two blastholes and their labeled (true) rock types (where higher rock type numbers 

indicate harder rock type). 
 

Applying the K-Means algorithm, the answer for the rock type classification would be the 

classification shown in the figure below: 
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Figure 5-5: Rock type classification by K-Means of the two holes in Figure 5-4. 

 

As can be seen, the K-Means algorithm yields the correct ordering of relative 

hardness/softness of the rock type; however, it gives the incorrect absolute rock 

hardness/type. This is due to the local nature of the algorithm, because the K-Means 

clustering is compared only to values within a single blasthole, and not to another 

reference or between blastholes. In conclusion, this algorithm is effective and efficient if 

the objective is to determine the relative rock hardness profile in one blasthole. However 

it is not effective for general rock type classification, and hence was not pursued further. 

 

5.3 Investigation of Self-Organizing-Maps (SOMs) 

 

The Self-Organizing-Map (SOM) is a type of Neural Network which uses unsupervised 

learning to cluster and detect/define classes, without requiring the prior labelling of 
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targets. The theory behind the operation of this type of unsupervised neural network was 

explained in Chapter 2: the application of this network to the rock type classification 

problem will be investigated in this section. 

 

5.3.1 Training Data Sets and SOM settings 

 

Four training data sets were constructed from the available blasthole data: these four data 

sets were not the same as those used in Chapter 4 for training of the Back Propagation 

neural network. As in Chapter 4, the percentages of total data for each training set were 

25%, 50%, 80%, and 100% respectively, in order to test the performance of the Self-

Organizing Maps with respect to sensitivity and accuracy. However the composition of 

each training data set was different from the BP ANN cases, due to the greater sensitivity 

of SOMs to the nature of the training data than BP ANNs - training sets play a key role in 

the performance of this type of network. 

 

The four training data sets for the SOMs were constructed as follows: 

 

• The maximum and minimum values of the penetration rate, torque, and 

geophysical density log for each blasthole were found. Then the minimum and 

maximum values for these variables amongst all of blastholes (i.e. global maxima 

and minima) were found. 

Next, the blastholes were sorted in the following way: 
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• The first blasthole, El-6015, was chosen to have the global maximum value of the 

penetration rate. 

• The second blasthole, EZ-3747, was chosen to have the global minimum value of 

the penetration rate. 

• The third blasthole, EZ-5810, was chosen to have the global maximum value of 

the geophysical density log. 

• The fourth blasthole, EZ-5512, was chosen to have the global minimum value of 

the geophysical density log. 

• The fifth blasthole, El-6115, was chosen to have the global maximum value of the 

torque. 

• The sixth blasthole, EZ-5809, was chosen to have the global minimum value of 

the torque. 

• The rest of blastholes were sorted according their accumulated percentage of the 

total data. 

 

The above procedure resulted in the following four training data sets: 

 

• 25% of data: EL-6015, EZ-3747, EZ-5810, and EZ-5512 (4 blastholes). 

• 50% of data: the above data set, plus EL-6115 and EZ-5809 (6 blastholes). 

• 80% of data: the above two data sets, plus EX-3610, EX-3708, EL-5815, and EL-

5715 (10 blastholes). 

• 100% of data: the above three data sets, plus the remaining seven blastholes (17 

blastholes). 
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For each of these training data sets, two separate groups of network inputs were 

identified: 

• The first has the torque and the penetration rate as inputs for the network; 

• The second has the torque, penetration rate, and density log as inputs. As in the 

previous chapter, for the case of the BP ANN, the density log was included twice 

in the input, to balance the impact of the drilling and geophysical variables. 

 

Unlike the BP ANN, the output value from the SOM is a vector, consisting of the values 

of the output nodes (since the number of output nodes corresponds to the number of 

classes/rock types being sought by the SOM). However, unlike for the BP case, the 

outputs of the SOM are binary values, with maximum Hamming distance with respect to 

coding of the outputs (i.e. only one output node has non-zero value at any time). The 

Hamming distance measures the minimum number of changes that are necessary to match 

two different strings or vectors. For instance, there are examples below which help to 

understand this concept: 

• 10100 and 11111 = Hamming distance is equal to 3. 

• 00000 and 11110 = Hamming distance is equal to 4. 

 

Due to the SOM output vector having only one number 1, which can be placed in 

different position of the output vector according to the SOM ANN decision, and the rest 

of them are zeros, the Hamming distance is always maximized for each classification. In 

other words, if the number of rock types in a blasthole is n, the Hamming distance 
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between to different rock types is always n-1. Therefore, the maximum spacing amongst 

clusters is assured.  

Since the number of output nodes (or clusters) is one of the settings in the SOM network, 

some idea about how many rock types could be found is required. There are some 

statistical and fuzzy-logic methods which may allow estimating in advance the number of 

potential clusters, such as the Subtractive Clustering method. However, those methods 

depend on their own settings as well, so it is necessary to have a larger database from 

different mines or cases to adjust these settings. In that way, it is possible to have a 

reliable system to estimate in advance the number of potential clusters. Since our 

available database is not large enough to apply one of those methods, it was decided 

instead to investigate the SOM network for the cases of finding 3, 4, or 5 different rock 

types, since prior studies at the mine-site had suggested there could be more than 3 rock 

types. The SOM was implemented using MATLAB®‘s Neural Network Toolbox. 

 

5.3.2 Results of Applying SOMs 

 

The results obtained from applying various SOMs are presented in the following 

subsections. To evaluate SOM performance quantitatively, classification metrics were 

derived. Three different metrics were calculated: 

 

• Overall Classification Comparison (relative to Aquila): This metric is an 

indicator of overall comparative performance. It compares all the outputs of the 

SOM network to the Aquila System®, for the each blasthole. The labelling of the 
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entire hole by the Aquila System® classification is used as the baseline – i.e. 

performance of a SOM network would be 100% if the outputs (labels) from the 

SOM network were exactly the same as those from the Aquila System® 

classification. (Note that this metric is only applicable where the SOM has the 

same number of classes as the Aquila System, i.e. three output nodes.) 

• Coal Classification Comparison (relative to Aquila): This metric is an indicator 

of comparative coal detection. It compares the outputs of the SOM network to the 

Aquila System®, for each blasthole, but only for those data points which have 

been labelled as coal by the Aquila System. The labelling of coal by the Aquila 

System® classification is used as the baseline – i.e. performance of a SOM 

network would be 100% if the points labelled as coal by the Aquila System® were 

also labelled as coal by the BP network. 

• Overall Classification Comparison (relative to SOM trained with 100% of 

data): This metric is an indicator of the sensitivity of SOM performance to the 

percentage of training data used. It compares all the outputs of a SOM network 

relative to a SOM network trained with the entire dataset, for each blasthole. The 

labelling by the 100% trained SOM network is used as the baseline – i.e. 

performance of a SOM network would be 100% if the outputs (labels) from the 

SOM network were exactly the same as those from the 100% trained SOM 

network. 

 

These metrics were calculated for all the blastholes that were not in the 25%, 50%, or 

80% training data sets. The results are presented in the following subsections. 
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5.3.2.1 3-class SOM: Torque & Penetration Rate 

 

This section presents the results for a SOM network with three classes, with torque and 

penetration rate as inputs. 

  

Table 5-1: Overall Classification Comparison for 3-class SOM network, based on Torque & 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to Aquila baseline 

Percentage of data Blasthole 
80% 50% 25% 

5314 75.26 75.26 75.26 
5413 81.36 81.66 80.03 
5611 79.66 80.00 78.81 
5612 79.17 79.01 78.18 
5710 81.81 81.50 81.81 
5711 83.13 82.44 83.13 
5909 75.40 75.67 74.87 

Average 79.40 79.36 78.87 
Max 83.13 82.44 83.13 
Min 75.26 75.26 74.87 

 

Table 5-2: Coal Classification Comparison for 3-class SOM network, based on Torque & Penetration 
Rate as inputs, with 3 different percentages of Training Data, relative to Aquila baseline 

Percentage of data Blasthole 
80% 50% 25% 

5314 99.70 99.25 99.70 
5413 100.00 100.00 100.00 
5611 99.49 99.32 99.49 
5612 99.34 98.68 99.17 
5710 98.55 97.81 98.49 
5711 97.42 96.90 97.42 
5909 99.87 99.87 99.87 

Average 99.19 98.83 99.16 
Max 100.00 100.00 100.00 
Min 97.42 96.90 97.42 
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Table 5-3: Overall Classification Comparison for 3-class SOM network, based on Torque & 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to SOM trained 

with 100% of Training Data 
Percentage of data Blasthole 

80% 50% 25% 
5710 93.59 93.71 94.08 
5909 94.09 93.01 94.09 
5413 94.23 93.49 93.79 
5314 95.63 95.32 95.63 
5612 91.57 89.75 90.91 
5611 95.93 93.73 95.42 
5711 93.29 92.60 93.29 

Average 94.05 93.09 93.89 
Max 95.93 95.32 95.63 
Min 91.57 89.75 90.91 

 

As can be seen from Table 5-1, there is a consistent mismatch of around 20% between the 

overall SOM and Aquila labelling: this is likely due to the fact that the Aquila labelling 

may not necessarily accurately reflect the “true” classes in the data. In contrast, Table 5-2 

shows that the SOM matches the Aquila labelling of coal very closely (within 3 percent). 

Based on all three tables above, the SOM appears relatively insensitive to the amount of 

training data.  

 

5.3.2.2 3-class SOM: Torque, Penetration Rate, and Density 

 

This section presents the results for a SOM network with three classes, with torque, 

penetration rate, and geophysical density (twice) as inputs. 
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Figure 5-6: Rock type classification for blasthole EZ-5314: 3-class SOM network based on Torque, 

Penetration Rate, and Geophysical Density as inputs with 25% Training Data (top), and Aquila 
(bottom). 

 
Figure 5-7: Rock type classification for blasthole EZ-5314: 3-class SOM network based on Torque, 

Penetration Rate, and Geophysical Density as inputs with 80% Training Data (top), and Aquila 
(bottom). 
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Table 5-4: Overall Classification Comparison for 3-class SOM network, based on Torque, 
Penetration Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, 

relative to Aquila baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 67.57 67.72 65.76 
5413 74.41 75.15 73.08 
5611 74.92 75.76 74.58 
5612 78.35 78.84 77.19 
5710 75.59 76.08 75.31 
5711 79.86 80.55 79.17 
5909 63.31 64.25 63.17 

Average 73.43 74.05 72.61 
Max 79.86 80.55 79.17 
Min 63.31 64.25 63.17 

 

Table 5-5: Coal Classification Comparison for 3-class SOM network, based on Torque, Penetration 
Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 96.83 96.98 97.13 
5413 98.37 98.52 98.37 
5611 96.78 96.95 96.95 
5612 96.03 96.36 96.36 
5710 95.87 96.33 96.21 
5711 93.80 94.49 94.15 
5909 97.98 98.66 98.66 

Average 96.53 96.90 96.83 
Max 98.37 98.66 98.66 
Min 93.80 94.49 94.15 

 

Table 5-6: Overall Classification Comparison for 3-class SOM network, based on Torque, 
Penetration Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, 

relative to SOM trained with 100% of Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 94.42 91.25 92.61 
5413 96.45 93.20 95.12 
5611 96.10 94.24 95.42 
5612 93.39 91.74 93.22 
5710 94.64 92.82 94.42 
5711 86.06 88.47 86.75 
5909 97.04 95.16 96.91 

Average 94.01 92.41 93.49 
Max 97.04 95.16 96.91 
Min 86.06 88.47 86.75 
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As can be seen from Table 5-4, the mismatch between the overall SOM and Aquila 

labelling is now much larger: this is likely due to the fact that the additional information 

present in the geophysical density log indicates a much different classification than the 

Aquila labelling. For example, in blasthole EZ-5314, there is a zone around 4 metres 

depth where the presence of coal is clear, according to geologists’ interpretation of the 

density log. It is important to mention that this blasthole is the only one which was 

independently labelled. As is evident from Figures 5-6 and 5-7, the SOM network is able 

to detect this coal zone but the Aquila System® does not. 

Another form of divergence between the two classifications was observed in some holes, 

e.g. EL-5815 (see below). In this hole, a zone between 5 and 10 metres is classified by the 

Aquila system as oscillating between two rock types, while the SOM largely assigns a 

single rock type. This raised the question of whether the oscillations in the Aquila system 

were due to it attempting to use only 3 labels, whereas the underlying data might indicate 

the presence of more classes. 
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Figure 5-8: Rock type classification for blasthole EL-5815: 3-class SOM network based on Torque, 

Penetration Rate, and Geophysical Density as inputs with 80% Training Data (top), and Aquila 
(bottom). 

 

Note that the above behaviour does not impact so much the coal classification comparison 

of Table 5-5 – since it uses the Aquila coal classification as the baseline. As before, based 

on all three tables above, the SOM appears relatively insensitive to the amount of training 

data, despite the addition of another variable as a training input.  

 

5.3.2.3 4-class SOM: Torque & Penetration Rate 

 

As mentioned in the previous subsection, the issue of more than three classes of rock 

types needs to be investigated. Hence a SOM network with four classes, with torque and 

penetration rate as inputs, was implemented and tested. The tables containing the 

performance metrics for this classifier are given below. 

Depth [m]
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Table 5-7: Coal Classification Comparison for 4-class SOM network, based on Torque and 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to Aquila baseline. 

Percentage of data Blasthole 
80% 50% 25% 

5314 98.34 98.19 97.59 
5413 97.19 97.19 97.04 
5611 96.61 96.61 96.44 
5612 96.86 96.69 95.54 
5710 95.28 95.01 93.59 
5711 93.63 92.94 92.08 
5909 97.18 97.18 96.77 

Average 96.44 96.26 95.58 
Max 98.34 98.19 97.59 
Min 93.63 92.94 92.08 

 

Table 5-8: Overall Classification Comparison for 4-class SOM network, based on Torque and 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to SOM trained 

with 100% of Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 92.76 91.70 94.42 
5413 93.05 92.31 93.05 
5611 91.86 91.36 89.83 
5612 92.89 91.90 94.38 
5710 93.25 92.57 92.42 
5711 92.60 93.12 93.63 
5909 93.55 91.26 92.20 

Average 92.85 92.03 92.85 
Max 93.55 93.12 94.42 
Min 91.86 91.26 89.83 

 

Despite the increase of the number of classes of the SOM to four, it is evident from Table 

5-7 that differentiation between coal and waste is very close to that with the Aquila 

system.  However, within the non-coal classes, there is a marked difference in behaviour 

for this SOM versus the Aquila labelling – e.g. in blasthole EL-5815 with the 3-class SOM 

(see above) there is a zone between the depth of 4 metres and 11.5 metres where the SOM 

network classification indicates more or less continuous rock type 3. In contrast the 4-

class SOM indicates that the rock type there is oscillating between 3 and 4. On the other 
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hand, the Aquila System® shows it oscillating between rock types 2 and 3. Furthermore, 

the geophysical log for blasthole EL-5815 suggests the presence of other rock types in this 

interval. Since the SOM network with 3 nodes was forced to group the samples in 3 

clusters, the rock types 3 and 4 were merged in one rock type which was type 3. The 

addition of one more class allows the identification of a new rock type, which agrees with 

the geophysical density logs. Similar behaviour is seen in blasthole EL-6115 below. 

 

 
Figure 5-9: Rock type classification for blasthole EL-5815: 4-class SOM network based on Torque 

and Penetration Rate as inputs, with 80% Training Data (top), and Aquila (bottom). 
 

Depth [m]
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Figure 5-10: Rock type classification for blasthole EL-6115: 4-class SOM network based on Torque 

and Penetration Rate as inputs, with 80% Training Data (top), and Aquila (bottom).  
 

Clearly, there are important differences in the EL-6115 blasthole classification since the 

Aquila System® could not detect that, in addition to coal (type 1), there are two different 

rock types between 0 and 7 meters of depth.  

 

5.3.2.4 4-class SOM: Torque, Penetration Rate & Density 

 

This section presents the results for a SOM network with three classes, with torque, 

penetration rate, and geophysical density (twice) as inputs. 

 

Depth [m]
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Figure 5-11: Rock type classification for blasthole EZ-5314: 4-class SOM network based on Torque, 

Penetration Rate and Density as inputs, with 25% Training Data (top), and Aquila (bottom).  
 

 
Figure 5-12: Rock type classification for blasthole EZ-5314: 4-class SOM network based on Torque, 

Penetration Rate and Density as inputs, with 80% Training Data (top), and Aquila (bottom). 
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Table 5-9: Coal Classification Comparison for 4-class SOM network, based on Torque, Penetration 
Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 91.70 90.95 91.70 
5413 94.97 95.27 95.27 
5611 93.90 94.07 94.58 
5612 92.56 92.73 92.89 
5710 91.12 90.54 90.91 
5711 86.75 87.44 87.61 
5909 94.89 95.03 95.16 

Average 92.27 92.29 92.59 
Max 94.97 95.27 95.27 
Min 86.75 87.44 87.61 

 

Table 5-10: Overall Classification Comparison for 4-class SOM network, based on Torque, 
Penetration Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, 

relative to SOM trained with 100% of Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 91.55 92.31 92.31 
5413 92.75 92.16 91.86 
5611 90.51 91.02 89.49 
5612 89.92 89.42 90.08 
5710 91.52 92.32 92.51 
5711 90.88 90.53 90.36 
5909 91.40 91.53 92.61 

Average 91.22 91.33 91.32 
Max 92.75 92.32 92.61 
Min 89.92 89.42 89.49 

 

As can be seen in the two figures above, the addition of the density log enabled the SOM 

to detect coal in blasthole EZ-5314 around 4 metres in depth, where the Aquila system 

only detected waste.  The results in the tables above indicate that coal recognition and 

training sensitivity are still good, though somewhat degraded relative to the previous case. 
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5.3.2.5 5-class SOM: Torque & Penetration Rate 

 

The previous subsection demonstrated that an increase of the number of classes of the 

SOM from 3 to 4 improved performance under certain conditions. Therefore it was 

natural to investigate whether further increasing the number of classes might further 

improve performance. Hence a SOM network with five classes, with torque and 

penetration rate as inputs, was implemented and tested. The tables containing the 

performance metrics for this classifier are given below, as are two examples of its 

classification of specific blastholes. As can be seen, addition of a fifth class appears to 

confuse the classifier – indicating it is trying to find clusters in the data where none exists. 

 

 
Figure 5-13: Rock type classification for blasthole EZ-5711: 5-class SOM network based on Torque 

and Penetration Rate as inputs, with 80% Training Data (top), and Aquila (bottom). 
 

Depth [m]



 122

 
Figure 5-14: Rock type classification for blasthole EZ-5611: 5-class SOM network based on Torque 

and Penetration Rate as inputs, with 80% Training Data (top), and Aquila (bottom). 
 
 
 
 

Table 5-11: Coal Classification Comparison for 5-class SOM network, based on Torque and 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to Aquila baseline. 

Percentage of data Blasthole 
80% 50% 25% 

5314 96.68 87.93 96.83 
5413 95.56 89.05 95.86 
5611 92.71 92.03 94.75 
5612 94.55 88.43 94.55 
5710 93.25 87.70 92.63 
5711 89.67 87.78 90.36 
5909 95.97 91.94 95.97 

Average 94.06 89.27 94.42 
Max 96.68 92.03 96.83 
Min 89.67 87.70 90.36 
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Table 5-12: Overall Classification Comparison for 5-class SOM network, based on Torque and 
Penetration Rate as inputs, with 3 different percentages of Training Data, relative to SOM trained 

with 100% of Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 94.42 81.15 84.16 
5413 95.71 86.09 85.36 
5611 94.41 79.66 83.90 
5612 95.54 84.63 85.95 
5710 92.88 82.95 82.64 
5711 91.91 83.30 81.76 
5909 94.89 85.22 85.08 

Average 94.25 83.29 84.12 
Max 95.71 86.09 85.95 
Min 91.91 79.66 81.76 

 

5.3.2.6 5-class SOM: Torque, Penetration Rate, & Density 

 

Following the previous section, a SOM with five classes, with torque, penetration rate, 

and geophysical density (twice) as inputs was tested. The coal classification and overall 

classification comparison results are shown as follow. 

 

Table 5-13: Coal Classification Comparison for 5-class SOM network, based on Torque, Penetration 
Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

80% 50% 25% 
5314 86.88 86.88 87.48 
5413 92.46 92.31 93.64 
5611 91.02 91.02 91.69 
5612 89.09 89.09 89.92 
5710 87.45 87.24 87.95 
5711 83.48 83.82 84.51 
5909 91.80 91.40 92.47 

Average 88.88 88.82 89.67 
Max 92.46 92.31 93.64 
Min 83.48 83.82 84.51 
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Table 5-14: Overall Classification Comparison for 5-class SOM network, based on Torque, 
Penetration Rate, and Density Log (x2) as inputs, with 3 different percentages of Training Data, 

relative to SOM trained with 100% of Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
5314 90.65 90.35 87.03 
5413 90.98 91.42 87.87 
5611 88.14 91.19 84.58 
5612 90.41 93.39 86.94 
5710 92.20 92.85 89.92 
5711 92.25 93.29 87.61 
5909 90.19 90.19 89.52 

Average 90.69 91.81 87.64 
Max 92.25 93.39 89.92 
Min 88.14 90.19 84.58 

 

The average in both analyses has dropped below 90% in some cases. Therefore, there is 

something unusual in the cases with 5 classes which could have consequences in the final 

conclusions and in the final results. After seeing the figures with the classifications, it is 

believed that the problem is the network for the case with 5 classes whose inputs are the 

torque and the penetration rate only. That network apparently forced the appearance of a 

false class. The reason why the coal accuracy and the sensitivity was used to make that 

conclusion is because the SOM neural network tends to give stable results, so they do not 

change so much if the training sets and the settings are well chosen, and the training is 

well done. This does not happen in the SOM network with 5 classes and torque, 

penetration rate, and density log as inputs. In this case, almost all of the average values 

are below 90%, they are stable among them; that means, there is not a huge difference, as 

it is seen in the tables 5-13 and 5-14. To have a better idea about this, the rock 

classification for the same blastholes shown in the previous cases but computed by a 

SOM network with 5 classes and torque, penetration rate and density log as inputs were 

investigated. 
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Figure 5-15: Rock type classification for blasthole EZ-5711: 5-class SOM network based on Torque, 

Penetration Rate, and Density Log (x2)  as inputs, with 80% Training Data (top), and Aquila 
(bottom). 

 

 
Figure 5-16:  Rock type classification for blasthole EZ-5611: 5-class SOM network based on Torque, 

Penetration Rate, and Density Log (x2)  as inputs, with 80% Training Data (top), and Aquila 
(bottom). 

Depth [m]

Depth [m]



 126

 

 
Figure 5-17: Rock type classification for blasthole EZ-5612: 5-class SOM network based on Torque, 

Penetration Rate, and Density Log (x2)  as inputs, with 80% Training Data (top), and Aquila 
(bottom). 

 

Although, the results given by this 5-class SOM network are a little more coherent than 

the previous 5-class SOM, there are still some doubts about the real existence of the fifth 

rock type. The problem here is not only to know the real number of classes, it is also to 

understand if the addition of the external variable (density log) is of real benefit. 

Furthermore, it is important to know if the original variables from drilling machines, 

excluding density, can convey enough information to achieve consistent and reliable rock 

type detection. Therefore, some further analyses to investigate if there is some means to 

prove the existence of the fifth rock type are necessary, and are presented in the next 

chapter. 

Depth [m]
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Chapter 6: Further Investigation of Self-Organizing Maps 

 

6.1 Clustering Analysis of Geophysical Density Log Data 

 

As mentioned at the end of the previous chapter, the utility and influence of adding the 

density log data as an input to the SOM was unclear. In particular, the issue of whether 

the feature set, including the density, supports a classification of 4 or more classes needs 

to be investigated. To address this, cluster plots of the density and penetration rate, and 

the density and torque, were examined. Examples of these cluster plots for three 

blastholes are given below. 

 

 
Figure 6-1: Torque vs. Density for blasthole EL-6115. 
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Figure 6-2: Penetration Rate vs. Density for blasthole EL-6115. 

 

 
Figure 6-3: Torque vs. Density for blasthole EX-3708. 
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Figure 6-4: Penetration Rate vs. Density for blasthole EX-3708. 

 

 
Figure 6-5: Torque vs. Density for blasthole EZ-5710. 
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Figure 6-6: Penetration vs. Density for blasthole EZ-5710. 

 

As can be seen from the above six figures, three main clusters are evident in all of them. 

However, there are also some secondary clusters which are discernible, e.g. in the 

torque/density plot for EL-6115, a fourth cluster is clearly present: this could represent 

inter-bedded siltstone and mudstone zones which were not recognized in the rock 

recognition based on drilling data alone.  

 

The torque/density plot for EX-3708 has three clear clusters, but the transition between 

the two main clusters might be considered another, fourth cluster. This transition could be 

inter-bedded siltstone and/or mudstone zones which were not detected by the original 

(Aquila) recognition system. However it is difficult to distinguish this fourth cluster, 

because the presence of inter-bedded siltstone and mudstone zones is small compared to 

the inter-bedded siltstone and mudstone in other blastholes. In conclusion, the 
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geophysical density log has extra information which can indicate that there are more than 

three clusters, and hence more than three rock types. 

 

6.2 Study of Density Log Correlation 

 

In addition to the clustering analysis above, it was necessary to study the correlation 

between the torque, and rate of penetration, versus the density logs to verify that there is a 

strong relationship. Otherwise, it can be a mistake trying to put together variables which 

have low correlation and the classification performed by SOM ANNs with drill and non-

drill inputs may not have a better performance than commercial methods. The correlation 

study is more complex than a simple linear-correlation study, so a full description is 

presented here. 

 

According to previous research (Scoble, Peck, and Hendricks, 1989), it is already known 

that the torque and rate of penetration are good indicators of rock types. Furthermore, the 

geophysical density log is used by geologists to estimate the rock types based on logged 

holes near the zone where production blastholes will be drilled; hence, it is reasonable to 

expect that the torque and the rate of penetration are correlated to the geophysical density 

logs. However, after doing all of the analysis and running Neural Networks with the 

density log as inputs, it is still unclear whether this feature aids classification. 

 

The only way to investigate this is through the correlation among these signals: if the 

correlation between them is high, it will indicate that adding density provides additional 



 132

detail to the classification. On the other hand, if the correlation is poor, it will indicate 

that density acts against the other two variables. It should be noted that the original 

geophysical-density log data was modified (interpolated) to align with the spatial 

sampling of the torque and the penetration rate signals: this may impact its information 

content. The relationships between these signals are not linear, nor do they follow a linear 

tendency. Therefore, it is necessary to use signal processing tools to investigate 

correlation between torque and density, and between rate of penetration and density.  

 

The next figures show the Cross-Correlation between torque and density log, and between 

rate of penetration and density log. 

 

 
Figure 6-7: Cross-Correlation between torque and density log. 

 



 133

 
Figure 6-8: Cross-Correlation between rate of penetration and density log. 

 

Cross-Correlation is a good indicator of the inter-correlation, since the more symmetric 

cross-correlation becomes, the more highly correlated the two signals. Cross-correlation 

was calculated by grouping all the data from all blastholes (torque, penetration, etc) in 

one set and then computing the cross-correlations.  

 

After calculating the cross-correlation, a measurement of the degree of symmetry was 

required, so the cross-correlation was split into two equal data sets. Then, the first data set 

was flipped around and compared with the second data set. An example of this is shown 

in Figure 6-9. 
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Figure 6-9: Cross-Correlation symmetry analysis: Torque and Density. 

 

Having adjusted the data in this manner, the correlation factor can be calculated and the 

results are shown below: 

 

Table 6-1: Correlation Factors for Cross-Correlation 
 Torque Rate of Penetration Density Log 

Torque 1 0.7441 0.9036 
Rate of Penetration 0.7441 1 0.833 

Density Log 0.9036 0.833 1 
 

As can be seen, the correlation between these two drilling variables and the density log is 

very strong.  
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6.3 Final Conclusions for the Self-Organizing-Map Network 

 

Having analyzed the correlation of the density log with torque and penetration rate, and 

the clustering of the torque, penetration rate and density log, we can make some 

conclusions about the performance of the SOM. So far, we have established that the 

addition of geophysical density has the potential for improvement to the rock recognition 

because it can yield some information that other variables do not have. However, there is 

still one issue outstanding – we know that there are more than three classes present in the 

data – but we do not know if we should use a SOM with four or five classes. As seen in 

the previous chapter, an SOM with five classes results in decreased coal recognition 

performance and increased sensitivity to training data. 

 

In order to establish the correct number of classes, it was necessary to resort to obtaining 

insight from the geophysical data. The geophysical data for blasthole EZ-5314 was 

analyzed by a geologist familiar with the geology at the mine site from which it was 

obtained, and its lithology (rock classes) labelled. To have a basis to compare the 

performance of the various classifiers, a methodology was implemented which allows the 

comparison of different rock classifications. According to the geological interpretation of 

the geophysical logs for these blastholes, there are five rock types which can be classified 

in this geology: 

 

 

 

 



 136

• Rock type 1: Coal. 

• Rock type 2: Coaly Mudstone. 

• Rock type 3: Mudstone. 

• Rock type 4: Siltstone. 

• Rock type 5: Sandstone. 

 

Based on the geophysical log, coal locations can be assigned to specific zones along the 

depth of the blasthole. However the spatial resolution of the geophysical log, with respect 

to blasthole depth, is much lower than that of the drill data. There the procedure of section 

4.5 was adapted, to match density log depth to drill data depth measurements. The only 

difference here, relative to section 4.5, was that the density-log-data set with the coal 

classification has values of either 0 or 1, where 0 represents all of the non-coal rock types. 

When the linear interpolation computes the intermediate values, the results have to be 

rounded since the only acceptable labelling are 0 or 1. Therefore, if the linear 

interpolation result is greater than 0.5, the results is 1; otherwise, the answer is 0.  

 

It is necessary to define two types of errors which are going to allow us to quantify the 

performance of the classifiers. The first error, the most important, is called “false negative 

error” and the second one is called the “false positive error”, and they are defined as 

follows: 

 

• FALSE NEGATIVE: measures the coal misclassification; in other words, there is 

coal in a location but the classifier was not able to recognize it. This error is very 

important to quantify because it relates to economical losses due to missing coal 

seams. 

• FALSE POSITIVE: quantifies the misclassification of rock types other than coal 

(rock type 1); in other words, the model says there is coal, where there isn’t any. It 

is important to correctly classify the other rock types, if, for example, it is desired 

to improve explosives loading or blast design. 
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Having explained the method used to evaluate the SOM ANN performance for blasthole 

EZ-5314, the following figures show the original density log plot, indicating the hand-

labelled lithology; also, the same density log overlaid with the rock type classification by 

various SOM networks and a table with the False Negative and False Positive errors. 

 

Hand-Labeling Density Log Classification - Blasthole EZ-5314
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Figure 6-10: Hand-Labeling Density Log Classification for blasthole EZ-5314 (Red lines indicate 

section where coal was found). 
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SOM Rock Classification - 3 Rock Types

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

Depth [m]

D
en

sit
y 

[g
/c

m
^3

]

0

1

2

3

4

R
oc

k 
Ty

pe

 
Figure 6-11: Hand-Labeled Density Log and 3-class SOM (with Torque, Penetration Rate, & Density 

inputs, 80% training data) for blasthole EZ-5314. 
 

SOM Rock Classification - 4 Rock Types
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Figure 6-12: Hand-Labeled Density Log and 4-class SOM (with Torque, Penetration Rate, & Density 

inputs, 80% training data) for blasthole EZ-5314.  
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SOM Rock Classification - 5 Rock Types
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Figure 6-13: Hand-Labeled Density Log and 5-class SOM (with Torque, Penetration Rate, & Density 

inputs, 80% training data) for blasthole EZ-5314. 
 

Table 6-2: Coal and Non-Coal Classification for blasthole EZ-5314 made by 3-, 4-, & 5-class SOM 
networks, relative to hand-labeled based on density log. 

Classes Inputs Coal Well 
Classified [%] 

Non-Coal Well 
Classified [%] 

False 
Negative [%] 

False 
Positive[%] 

3 Torque and Penetration 82.03 76.41 17.97 23.59 
Torque, Penetration Rate, 3 

and Density Log 99.4 79.43 0.6 20.57 

4 Torque and Penetration 79.04 80.24 20.96 19.76 
Torque, Penetration Rate, 4 

and Density Log 94.61 88.51 5.39 11.49 

5 Torque and Penetration 77.24 80.84 22.76 19.16 
Torque, Penetration Rate 5 

and Density Log 89.22 93.95 10.78 6.05 

Aquila Labelling 80.24 77.82 19.76 22.18 
 

As seen from the above figures and table, the number of recognizable rock types is 5 and 

the SOM network with 5 classes and the torque, penetration rate, and density log as inputs 

is the best configuration for rock type recognition when the objective is obtaining the 

complete blasthole lithology. Note that this may not necessarily be the best configuration 
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when the objective is solely to recognize coal. For instance, the case with 5 classes and 

torque, penetration rate, and density log as inputs in Table 6-2 has the best balance 

between false positive and false negative error. However, the case with 3 classes and 

torque, penetration rate, and density log as inputs has the lowest false negative, so there is 

little missed coal. 

 

In conclusion, the SOM was just as capable as the Aquila system in performing 3-class 

recognition based on torque and penetration rate. The SOM has the advantage of 

unsupervised learning – unlike BP ANN or the Aquila system, it does not require 

labelling of the training data. It has the further advantage of being extendable to 

additional input features, such as density, through its unsupervised learning capability, 

resulting in improved classification performance. 

 

6.4 Sensitivity of SOM to Sorting of Training Data 

 

One of the points that must to be considered when working with neural networks is the 

fact that the training of these classification techniques can be sensitive to the organization 

of the training data. In other words, it is desired they contain minimum and maximum 

values of each variable as part of the training data set. Otherwise, the results from the 

SOM network could be a little different or their differences could be excessive if it is 

looking for a reliable recognition system. For these reasons, it is necessary to know how 

sensitive the results are if they are generated from two equal SOM neural network which 

were trained using different groups of data.   
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6.4.1 New Training Data Sets 

 

The methodology used to measure the sensitivity was the following; first at all, the linear 

correlation coefficients between the torque and density log, and the rate of penetration 

and density log were computed for each blasthole. The idea is to take this coefficient as 

only a reference to sort the data in two different ways; therefore, the new data sets were 

sorted in decreasing order of the correlation coefficient. The new data sets are shown 

below: 

 

Table 6-3: Data set sorted by Torque and Density log. 
Blasthole 
Number 

Linear 
Correlation 

Accumulated 
Percentage Data Training Set 

3708 0.91 9 
3757 0.87 18 
3610 0.84 27 

25% of Data Training Set 

5909 0.83 29 
5512 0.83 30 
5612 0.77 32 
5810 0.77 34 
5710 0.77 41 
5715 0.77 49 

50% of Data Training Set 

5815 0.76 58 
5413 0.74 60 
5809 0.73 70 
6115 0.69 82 

80% of Data Training Set 

5711 0.68 84 
5611 0.61 85 
5314 0.55 87 
6015 0.49 100 

100% of Data Training Set 
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Table 6-4: Data set sorted by Rate of Penetration and Density log. 
Blasthole 
Number 

Linear 
Correlation 

Accumulated 
Percentage Data Training Set 

6115 0.77 13 
5810 0.74 15 
3757 0.73 23 

25% of Data Training Set 

5809 0.73 34 
6015 0.71 47 

50% of Data Training Set 

3610 0.71 56 
5815 0.68 65 
5909 0.67 66 
3708 0.64 75 
5711 0.62 77 
5710 0.61 84 

80% of Data Training Set 

5314 0.61 86 
5612 0.52 87 
5413 0.52 89 
5611 0.48 90 
5512 0.32 92 
5715 0.22 100 

100% of Data Training Set 

 

For each new set, two training sets were made which have 25% and 80% (or the nearest 

number) of the accumulated data. In addition to these 4 new training sets, two large 

groups of inputs were made for each training set; the first one has the torque and 

penetration rate as selected inputs, and the second one has the torque, penetration rate, 

and density log twice as selected inputs. Basically, they are the same input groups made 

at the beginning of the thesis. In brief, there are 8 new training sets per group of sorted 

data which were used to train a SOM neural network.  

 

6.4.2 Results and Analyses 

 

After training the networks and computing their outputs, a sensibility analysis was done 

to have a measurement to compare and then, to find out if the sorting of training data 
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plays a key role in the network performance. It is important to say that the results from 

the SOM networks which have the minimum and maximum values in their training sets 

taken as the reference to measure the comparison. In addition, because the training and 

testing sets are different, all blastholes were used to compare the network outputs. The 

reason is to try to balance the better rock classification done for those blastholes that 

belong to the training sets. The finals results are shown in the following table: 

 

Table 6-5: 3- and 4-Class SOM (Torque & Penetration Rate as inputs) – comparison of Overall 
Classification Performance for Training Data sorted by linear correlation of Torque and Density, 

relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque and Penetration Rate 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 82.6 90.6 91.3 97.8 
3708 81.9 92.3 91.1 97.4 
3757 82.7 90.7 91.5 99.2 
5314 82.1 87.6 94.1 98.7 
5413 82.2 83.3 92.0 98.8 
5512 78.4 83.1 92.0 98.5 
5611 86.3 82.2 93.6 98.9 
5612 81.0 87.3 89.3 97.9 
5710 83.2 85.5 91.9 98.5 
5711 84.0 84.9 91.9 96.4 
5715 84.6 84.7 92.1 98.4 
5809 82.9 88.1 92.0 98.8 
5810 81.2 86.9 90.1 99.1 
5815 90.5 90.0 95.4 98.1 
5909 83.6 85.5 92.6 98.0 
6015 92.4 91.5 95.7 98.8 
6115 93.3 92.7 96.6 98.7 

Average 84.3 87.5 92.5 98.4 
Max 92.4 92.3 95.7 99.2 
Min 78.4 82.2 89.3 96.4 
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Table 6-6: 3- and 4-Class SOM (Torque & Penetration Rate as inputs) – comparison of Overall 
Classification Performance for Training Data sorted by linear correlation of Penetration Rate and 

Density, relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque and Penetration Rate 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 91.6 86.3 96.4 94.9 
3708 96.0 88.3 95.7 95.2 
3757 91.4 86.1 98.2 94.6 
5314 88.1 85.8 97.5 96.2 
5413 89.3 87.7 99.8 93.3 
5512 84.5 88.5 99.3 94.5 
5611 92.7 84.1 98.0 96.4 
5612 87.3 89.6 96.1 94.9 
5710 90.2 88.3 97.7 94.0 
5711 91.2 90.7 95.7 94.3 
5715 86.4 82.6 99.8 95.2 
5809 90.7 84.7 97.7 94.7 
5810 91.3 91.5 99.4 93.6 
5815 90.4 84.5 98.5 98.0 
5909 89.7 90.5 96.0 95.8 
6015 93.5 87.3 97.0 97.4 
6115 89.7 86.3 98.4 99.1 

Average 90.2 87.2 97.7 95.4 
Max 96.0 91.5 99.8 99.1 
Min 84.5 82.6 95.7 93.3 
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Table 6-7: 3- and 4-Class SOM (Torque, Penetration Rate, & Density as inputs) – comparison of 
Overall Classification Performance for Training Data sorted by linear correlation of Torque and 

Density, relative to same SOM with original Training Data sorting (see Chapter 5).  
Input: Torque, Penetration Rate, and Density Log 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 94.1 93.0 94.9 87.9 
3708 95.3 95.5 96.3 90.1 
3757 93.5 92.4 95.9 87.0 
5314 86.6 90.3 91.6 88.4 
5413 89.2 91.1 93.6 89.8 
5512 87.9 90.7 92.0 88.0 
5611 87.6 86.4 95.4 87.8 
5612 85.6 89.6 92.9 86.8 
5710 86.6 89.9 93.1 87.6 
5711 89.2 86.7 94.0 85.7 
5715 92.7 91.9 95.2 80.8 
5809 93.3 90.6 95.5 84.1 
5810 91.7 90.5 95.3 86.7 
5815 94.5 92.3 97.2 85.3 
5909 91.3 92.1 93.1 85.9 
6015 95.2 94.4 97.1 89.3 
6115 92.5 92.3 97.5 89.7 

Average 91.0 91.2 94.7 87.1 
Max 95.3 95.5 97.5 90.1 
Min 85.6 86.4 91.6 80.8 
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Table 6-8: 3- and 4-Class SOM (Torque, Penetration Rate, & Density as inputs) – comparison of 
Overall Classification Performance for Training Data sorted by linear correlation of Penetration 

Rate and Density, relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque, Penetration Rate, and Density Log 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 95.4 92.6 97.8 94.8 
3708 97.4 92.8 98.3 96.5 
3757 96.6 92.7 97.8 93.7 
5314 92.5 93.2 93.5 93.1 
5413 92.3 93.6 95.7 94.1 
5512 93.0 95.0 97.3 92.2 
5611 92.5 93.4 95.8 91.4 
5612 93.6 94.9 96.4 91.9 
5710 95.4 93.4 94.6 92.0 
5711 96.4 92.6 96.4 91.9 
5715 94.0 93.8 97.8 88.7 
5809 97.1 89.8 98.0 92.1 
5810 96.3 92.8 97.9 92.8 
5815 97.3 93.2 98.6 91.2 
5909 96.2 93.1 97.7 93.4 
6015 95.6 93.8 98.1 93.2 
6115 97.6 93.6 99.1 93.1 

Average 95.2 93.2 97.1 92.7 
Max 97.6 95.0 99.1 96.5 
Min 92.3 89.8 93.5 88.7 

 

The results for different training data sets are closer to the benchmark when the training 

set is larger, which is to be expected. Nonetheless, overall classification performance is 

still fairly consistent. The worst case is the 3-class SOM, with 25% of training data sorted 

by linear correlation of Torque and Density, and torque and penetration rate as inputs (see 

Table 6-5): an examination of blasthole EX-3708 labelled using this classifier shows that 

it has fairly good correlation for coal, as observed graphically in Figure 6-14. 

Furthermore, to investigate this more thoroughly, extensive comparative analysis of coal 

classification was performed, as shown in Tables 6-9, 6-10, 6-11, and 6-12. 
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Figure 6-14: Performance Comparison - 3-class SOM, with 25% of training data, and torque and 

penetration rate as inputs - blasthole EX-3708. 
 

Table 6-9: 3- and 4-Class SOM (Torque & Penetration Rate as inputs) – comparison of Coal 
Classification Performance for Training Data sorted by linear correlation of Torque and Density, 

relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque and Penetration Rate 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 95.7 96.5 98.2 98.7 
3708 97.1 97.9 98.7 99.1 
3757 95.1 96.4 97.9 99.2 
5314 94.9 94.3 98.3 98.8 
5413 93.0 95.0 98.1 98.8 
5512 91.9 92.8 97.9 97.8 
5611 95.4 94.2 98.1 98.1 
5612 91.7 95.9 95.0 98.0 
5710 90.7 94.8 95.4 97.4 
5711 90.5 94.5 94.7 96.4 
5715 95.2 96.0 98.5 98.5 
5809 94.2 95.7 97.7 98.7 
5810 90.5 95.3 95.6 97.9 
5815 96.8 97.3 99.0 98.8 
5909 94.2 94.9 98.3 98.9 
6015 97.8 97.6 99.3 98.5 
6115 95.8 96.8 98.1 98.4 

Average 94.2 95.6 97.6 98.4 
Max 97.8 97.9 99.3 99.2 
Min 90.5 92.8 94.7 96.4 

Depth [m] 
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Table 6-10: 3- and 4-Class SOM (Torque & Penetration Rate as inputs) – comparison of Coal 
Classification Performance for Training Data sorted by linear correlation of Penetration Rate and 

Density, relative to same SOM with original Training Data sorting (see Chapter 5) . 
Input: Torque and Penetration Rate 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 95.0 93.7 98.4 98.6 
3708 99.1 95.2 99.4 99.3 
3757 93.8 92.8 98.2 98.7 
5314 92.0 91.0 97.7 97.7 
5413 93.2 92.2 97.0 98.1 
5512 92.3 92.3 96.4 96.0 
5611 97.6 97.3 98.5 98.1 
5612 93.9 93.2 96.0 97.7 
5710 94.6 95.0 95.7 95.8 
5711 97.1 96.0 95.7 96.6 
5715 94.1 93.7 97.7 97.6 
5809 94.3 94.0 97.5 97.5 
5810 95.5 95.7 96.1 96.9 
5815 95.4 92.5 99.8 99.8 
5909 95.0 95.4 98.0 98.1 
6015 97.7 97.8 99.3 97.9 
6115 94.0 93.9 99.8 99.9 

Average 95.0 94.2 97.7 97.9 
Max 99.1 97.8 99.8 99.9 
Min 92.0 91.0 95.7 95.8 
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Table 6-11: 3- and 4-Class SOM (Torque, Penetration Rate, & Density as inputs) – comparison of 
Coal Classification Performance for Training Data sorted by linear correlation of Torque and 

Density, relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque, Penetration Rate, and Density Log 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 97.6 96.1 98.6 96.9 
3708 97.9 98.2 99.1 98.8 
3757 96.6 96.5 98.6 97.6 
5314 92.8 94.6 97.3 95.9 
5413 94.7 97.9 97.9 99.0 
5512 96.4 97.3 98.4 97.8 
5611 93.1 95.4 98.3 97.5 
5612 93.9 96.4 98.0 97.4 
5710 91.5 96.3 97.3 96.8 
5711 92.6 95.7 96.7 97.8 
5715 97.1 97.0 99.2 98.0 
5809 96.6 97.8 98.4 98.5 
5810 94.3 96.4 97.5 97.9 
5815 97.1 96.4 98.8 97.1 
5909 95.4 96.2 97.3 97.3 
6015 98.2 98.9 99.0 99.3 
6115 93.2 94.1 98.0 95.3 

Average 95.2 96.5 98.1 97.6 
Max 98.2 98.9 99.2 99.3 
Min 91.5 94.1 96.7 95.3 
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Table 6-12: 3- and 4-Class SOM (Torque, Penetration Rate, & Density as inputs) – comparison of 
Coal Classification Performance for Training Data sorted by linear correlation of Penetration Rate 

and Density, relative to same SOM with original Training Data sorting (see Chapter 5). 
Input: Torque, Penetration Rate, and Density Log 

25% of data 80% of data Blasthole 
3 classes 4 classes 3 classes 4 classes 

3610 99.8 97.4 99.5 98.1 
3708 100.0 99.5 99.6 99.5 
3757 99.5 97.5 99.1 98.2 
5314 98.2 96.7 97.3 96.5 
5413 98.8 99.0 98.1 99.3 
5512 100.0 97.9 99.4 97.8 
5611 98.5 96.8 98.0 96.9 
5612 99.8 98.3 99.2 98.0 
5710 98.0 97.8 96.6 97.3 
5711 99.5 98.6 98.1 98.8 
5715 99.7 98.3 99.3 98.0 
5809 99.8 99.0 99.3 99.2 
5810 98.8 97.9 98.5 98.3 
5815 99.6 97.5 99.6 97.8 
5909 99.7 98.7 98.9 98.4 
6015 99.7 99.5 99.5 99.4 
6115 99.4 96.3 99.5 96.4 

Average 99.3 98.0 98.8 98.1 
Max 100.0 99.5 99.6 99.5 
Min 98.0 96.3 96.6 96.4 

 

According to the results shown in the above four tables, coal detection is consistent; even 

though the training sets are different. The average level for coal classification, compared 

between different training sets, is not less than 94% and in some cases, the average is up 

to 99%. We can therefore conclude that although the performance of the network is better 

when the training set is larger, performance is still good regardless of the ordering used to 

derive the training data set. In conclusion, the SOM neural network is a robust technique 

to estimate the rock type by monitoring-while-drilling because the recognition 

performance is very good under different training conditions. Although, due to the 

sensitivity of SOM ANN to training data sets can affect significant the classification 
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performance, it is interesting to evaluate the combination of BP and SOM ANN to 

overcome the problems that they separately have; this is studied in the next chapter 
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Chapter 7: Evaluation of Backpropagation Networks with 

SOM-Generated Targets 

 

In this chapter, the performance of the Backpropagation Neural Network which had been 

used at the beginning was evaluated under new targets. The problem found in Chapter 4 

for BP ANN was the target sets had come from the Aquila System® and no improvement 

was noticed due to the network reproducing the same values as the Aquila System®. 

Although, SOM neural networks were applied and it was possible to generate new targets 

which include both more rock types and more information due to geophysical data that 

was added as inputs in this network. Therefore, it is logical to test the performance of BP 

models with new targets made by SOM results. Furthermore, in addition to the new 

targets from the SOM network, other new targets were computed by SOM networks 

whose input was only the density log. The classification done by using density log as 

inputs was taken only for this section and it was not considered as a part of the rock type 

classification by monitoring-while-drilling because there is no variable or feature which 

comes from the drilling machine.  

 

7.1 Cases Analyzed and Backpropagation Network Settings 

 

First, different cases were studied according to the number of nodes, size of training set, 

inputs, and targets. The cases analyzed are summarized in the next table 
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Table 7-1: BP ANN Cases evaluated using SOM Targets. 
Case Number Number of 

Classes 
Inputs to BP ANN Inputs used by SOM to 

generate Targets 
1 3 Torque, Penetration Rate, 

and Density Log 
Torque and Penetration Rate 

2 4 Torque, Penetration Rate, 
and Density Log 

Torque and Penetration Rate 

3 5 Torque, Penetration Rate, 
and Density Log 

Torque and Penetration Rate 

4 3 Torque and Penetration Rate Torque, Penetration Rate, and 
Density Log 

5 4 Torque and Penetration Rate Torque, Penetration Rate, and 
Density Log 

6 5 Torque and Penetration Rate Torque, Penetration Rate, and 
Density Log 

7 3 Torque, Penetration Rate, 
and Density Log 

Density Log 

8 4 Torque, Penetration Rate, 
and Density Log 

Density Log 

9 5 Torque, Penetration Rate, 
and Density Log 

Density Log 

10 3 Torque and Penetration Rate Density Log 

11 4 Torque and Penetration Rate Density Log 

12 5 Torque and Penetration Rate Density Log 

13 3 Torque, Penetration Rate 
and Density Log 

Torque, Penetration Rate, and 
Density Log 

14 4 Torque, Penetration Rate 
and Density Log 

Torque, Penetration Rate, and 
Density Log 

15 5 Torque, Penetration Rate 
and Density Log 

Torque, Penetration Rate, and 
Density Log 

 

For Cases 1, 2, and 3, the following configuration of the BP ANN was used, based on 

trial and error, using Mean-Square-Error (MSE) as the metric: 

 

• 4 nodes in the input layer. 

• 8 nodes in the hidden layer. 

• 1 node in the output layer. 

• The transfer function for nodes was TANGSIN. 
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• The training method was the Levenberg-Marquardt algorithm. 

The rest of the cases (Cases 4 through 15) did not exhibit any improvement in MSE if 

more hidden nodes were added, therefore the configurations for all these networks were: 

• The number of nodes in the input layer was equal to the number of input variables. 

• The number of nodes on the hidden layer was equal to the number of rock types 

desired. 

• The output layer has one node for all cases. 

• The transfer function for nodes was TANGSIN. 

• The training method was the Levenberg-Marquardt algorithm. 

 

7.2 Analyses and Results 

 

Having computed the results by the BP Networks, the coal accuracy and sensitivity, and 

rock type sensitivity analyses were made for each case. The reference used for the 

sensitivity analyses at this time was the rock type classification done by the BP Network 

with 100% of the total data for the coal and rock type for each one of the cases studied. 

For the coal accuracy analyses, the reference was the coal classification done by the 

Aquila System®. Besides, in the BP ANN with SOM-generated targets cases with 3 rock 

types set, the accuracy analysis was made for all of the rock types because the number of 

them in Aquila System is the same and it is possible to compare the overall performance. 

Finally, a visual comparison was done in each case to assess how well the global 

recognition was performed.  
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The following tables summarize the results obtained from the analyses already 

mentioned; there are more tables in the Appendix which have all the details and the 

results per case: 

 

Table 7-2: Overall Classification Average by cases for 3-class cases, relative to Aquila labeling. 
Case Data % Average Maximum Minimum 

1 100 69.17 83.30 40.97 
1 80 72.35 83.13 46.36 
1 50 72.63 82.44 46.80 
1 25 72.05 83.13 45.81 
4 100 62.43 76.25 34.22 
4 80 64.70 76.25 36.42 
4 50 64.24 76.25 35.70 
4 25 66.67 81.24 37.90 
7 100 54.33 66.94 31.73 
7 80 52.99 64.30 30.17 
7 50 55.29 69.59 32.83 
7 25 55.27 69.75 32.80 

10 100 65.33 80.33 38.63 
10 80 59.04 72.98 31.35 
10 50 65.26 80.66 38.77 
10 25 65.01 79.69 36.95 
13 100 58.84 73.49 32.43 
13 80 65.03 79.86 39.15 
13 50 62.92 78.49 36.97 
13 25 64.39 79.17 38.16 

 

Table 7-3: Rock Type Sensibility Average by classes for all of cases, relative to the BP ANN trained 
using 100% of data in each separate case. 
Classes Average Maximum Minimum 

3 94.24 99.71 91.09 
4 90.79 93.39 88.60 
5 87.81 96.15 80.23 

 

Table 7-4: Coal Sensibility Average by classes for all of cases, relative to the BP ANN trained using 
100% of data in each separate case. 

Classes Average Maximum Minimum 
3 99.56 99.92 98.68 
4 99.59 100.00 98.71 
5 98.81 99.67 97.28 
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Table 7-5: Overall Coal Classification Average by classes for all of cases, relative to Aquila labeling. 
Classes Average Maximum Minimum 

3 96.90 99.42 93.21 
4 93.00 97.00 87.73 
5 89.54 95.08 83.78 

 

 
According to these results, it is clear that the Backpropagation Neural Network technique 

is more stable than the Self-Organizing-Map Neural Network since, the average 

sensitivity for the rock recognition was better than in the SOM ANNs (Chapter 5). 

Moreover, the sensitivity for the coal is impressively good, as it is shown in the table 7-4 

and the coal recognition as well. However, the rock type accuracy (table 7-2) for the BP 

ANN trained with SOM-generated target cases with 3 classes was not good and; 

basically, it is comparable to the rock type accuracy computed when it was estimated with 

SOM networks, so perhaps, the BP network was able to, first, well recognize the coal and 

second, to detect the other rock types better. This conclusion might have merit because if 

the SOM network, which had proved to have a better performance in the recognition than 

currant classification methods (chapter 5), has similar accuracy to the neural network 

already studied, it can be thought that both have the comparable behaviour and 

performance. This point need to be studied more extensively because the fact that their 

accuracy analyses are the similar was not considered enough. Ignoring that point for the 

moment, it was necessary to pay some attention to other points first. The cases which are 

more important to analyze were those ones whose inputs come directly from the drilling 

machine. The reason to do it is to know if the overall performance can be improved by 

only adding geophysical information (SOM-generated targets) and keeping drill inputs.  

Hence, it would not be necessary to introduce big changes on the current monitoring 
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system (they would collect the same signals, so far) and the training of BP ANNs would 

be the only important change if it is desired to install this method as soon as possible. 

 

7.3 Performance of Cases with Geophysical data used only for 

Targets and Torque and Penetration Rate as Inputs 

 

Cases which only relied upon drilling variables as inputs to the BP ANN, but whose 

targets relied at least in part on geophysical information, i.e. Cases 4, 5, 6, 10, 11, and 12, 

merit more detailed review, in order to determine how the additional information used for 

the targets impacts BP ANN behaviour. The classification of blasthole EZ-5314 using 

each of these cases was reviewed, using the hand-labelled (geologist labelled) lithology as 

the baseline.  

Examples of such comparisons are given in the figures below. The conclusion from this 

analysis was that the use of SOM targets incorporating geophysical data did not improve 

the overall performance, as it could be expected, if the geophysical information was not 

included in the inputs to the classifier. 
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BP Rock Classification - 3 Rock Types

0

0.5

1

1.5

2

2.5

3

3.5

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Depth [m]

R
oc

k 
Ty

pe
3
 
-
 
4

2 4

3
 
-
 
4

4
 
-
 
5

1
 
-
 
2

2
 
-
 
4

2

4
 
-
 
5

2

4
 
-
 
5

1 2 1

2
 
-
 
3

1

2
 
-
 
3

3
 
-
 
4

1
 
-
 
2

 
Figure 7-1:Case 4 - 3-class BP ANN ( 80% of training data)  with Torque and Penetration Rate as 

inputs; trained using SOM targets, generated by SOM with Torque, Penetration Rate, & Density as 
inputs (for blasthole EZ-5314). 

 

BP Rock Classification - 5 Rock Types
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Figure 7-2: Case 12 - 5-class BP ANN ( 80% of training data)  with Torque and Penetration Rate as 
inputs; trained using SOM targets, generated by SOM with Torque, Penetration Rate, & Density as 

inputs (for blasthole EZ-5314). 
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7.4 Performance of Cases with Geophysical data used for 

Targets and Inputs 

 

Cases which included the density log in the inputs to the BP ANN, and whose targets also 

relied at least in part on geophysical information, i.e. Cases 7, 8, 9, 13, 14, and 15, were 

also reviewed. Once again, the hand-labelled (geologist labelled) lithology of blasthole 

EZ-5314 was used as the baseline.  

Some examples of such comparisons are given in the figures below. The conclusion from 

this analysis is that the use of SOM targets incorporating geophysical data does improve 

the overall performance, if the geophysical information is also included in the inputs to 

the classifier. The problems seen in the previous section, when density was only used to 

generate targets, such as misclassification and high sensitivity to the size of training sets, 

are no longer apparent. The best overall classification performance, amongst these six 

cases, was for those with 5 classes. 

 

The final conclusion of this chapter is that it is impossible to improve the recognition 

performance if new sources of information, others than the available drill data in its 

current form, are not incorporated into the inputs of the classifiers. The reason is that the 

drilling variables alone are not adequate to detect all the classes present.  
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BP Rock Classification - 3 Rock Types
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Figure 7-3:Case 7 - 3-class BP ANN ( 80% of training data)  with Torque, Penetration Rate & 

Density as inputs; trained using SOM targets, generated by SOM with Density as input (for blasthole 
EZ-5314). 

 

BP Rock Classification - 5 Rock Types
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Figure 7-4: Case 9 - 5-class BP ANN ( 80% of training data)  with Torque, Penetration Rate & 

Density as inputs; trained using SOM targets, generated by SOM with Density as input (for blasthole 
EZ-5314). 
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BP Rock Classification - 3 Rock Types
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Figure 7-5: Case 13 - 3-class BP ANN ( 80% of training data)  with Torque, Penetration Rate, and 

Density as inputs; trained using SOM targets, generated by SOM with same inputs (for blasthole EZ-
5314). 

 

BP Rock Classification - 5 Rock Types
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Figure 7-6: Case 15 - 5-class BP ANN ( 80% of training data)  with Torque, Penetration Rate, and 

Density as inputs; trained using SOM targets, generated by SOM with same inputs (for blasthole EZ-
5314). 
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7.5 Comparative Performance of all Classifiers relative to Hand-

labelling of EZ-5314 

 

All the cases listed in Table 7-1 in section 7.1 were applied and compared to hand-

labelling of EZ-5314. It is important to note that each case was trained with three 

different training sets (80%, 50%, and 25% of data), whose performance was summarized 

into one value corresponding to their averages. The Aquila classification for the blasthole 

EZ-5314 was also compared to the hand-labelling. These results are presented in the table 

below. 
 

Table 7-6: Performance of various Classifiers relative to Hand-Labeling (Geologist’s Labeling) – 
blasthole EZ-5314. 

Case Coal Correctly 
Classified   

[%] 

Non-Coal 
Correctly 

Classified [%] 

False 
Negative 

[%] 

False 
Positive 

[%] 

Aquila 80.24 77.82 19.76 22.18 
1 84.73 76.61 15.27 23.39 
2 78.89 79.74 21.11 20.26 
3 77.40 84.83 22.60 15.17 
4 81.59 79.54 18.41 20.46 
5 78.44 85.64 21.56 14.36 
6 77.54 91.94 22.46 8.06 
7 100.00 79.94 0.00 20.06 
8 98.20 92.54 1.80 7.46 
9 94.81 95.21 5.19 4.79 

10 78.89 84.68 21.11 15.32 
11 76.80 91.63 23.20 8.37 
12 73.05 95.01 26.95 4.99 
13 99.55 78.83 0.45 21.17 
14 92.22 89.31 7.78 10.69 
15 88.47 94.51 11.53 5.49 

 

 

As can be seen in the table above, Cases 7, 8, and 9 have the lowest false-negative errors 

for their respective number of classes (3, 4, and 5 classes respectively). This is to be 

expected because those cases have both drilling data and geophysical data as inputs, and 

the BP model was trained by using targets made solely based on geophysical data. 
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Furthermore, Case 7 is a good example of the trade-off problem mentioned before: the 

false-negative error is zero but the false-positive error is large, i.e. the ability of this 

classifier to recognize other rock types is very poor, therefore it cannot be considered as 

the best model for rock type recognition.  

 

Therefore, based on the above table, the classifiers of Cases 8 and 9 had the best 

performance overall: the choice between these two would depend on the economic value 

associated with each of the false-negative and false-positive errors. That economic value 

will be different in each geological domain or mine site, so it is not possible to generalize 

which is better than the other. However, if we use overall classification accuracy as the 

metric, Case 9 has the best overall classification accuracy and its false-negative error is 

one of the lowest. A graphical comparison between the independent hand-labelling and 

Case 9 classification is shown in the next figure. 

 

Density Log and BP Rock Classification - 5 Rock Types

0

0.5

1

1.5

2

2.5

3

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Depth [m]

D
en

sit
y 

[g
/c

m
^3

]

0

1

2

3

4

5

6

R
oc

k 
Ty

pe

3
 
-
 
4

2 4

3
 
-
 
4

4
 
-
 
5

1
 
-
 
2

2
 
-
 
4

2

4
 
-
 
5

2

4
 
-
 
5

1 2 1

2
 
-
 
3

1

2
 
-
 
3

3
 
-
 
4

1
 
-
 
2

 
Figure 7-7: Case 9 - 5-class BP ANN ( 80% of training data)  with Torque, Penetration Rate, and 

Density as inputs; trained using SOM targets, generated by SOM with Density only as input, 
compared with Hand-Labeling (for blasthole EZ-5314). 
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As it is seen in the figure above, the match is very good and the BP model can predict 

efficiently all of rock types.  

 

The other important result is that the false positive and false negative error for the Aquila 

classification are around 20%, which is considered too high for further developments in 

areas such as dynamic mine planning or extension to other mineral on-line recognition. In 

addition, these results are important because they confirm the fact that drilling features 

(torque, penetration rate, thrust, etc.) are not good enough to get reliable results. 

Moreover, the problem is not the method used to compute the rock types since the inputs 

used in BP models were only torque and penetration rate and did not have good 

performance (cases 4, 5, 6, 10, 11, and 12); the problem is the data. 

 

In conclusion, the performance of a method whose inputs are only drilling features is not 

good enough due to the inputs not being capable of carrying enough information to be 

used in prediction. It was demonstrated that prediction performing cannot be improved 

enough from the results by BP models with only both drill inputs and targets derived from 

drilling variables, as seen in this chapter. The only way to get the performance required is 

to add external information of blastholes which complements the drilling data.   
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Chapter 8: Conclusions & Recommendations 

 

8.1 Primary Contributions & Conclusions 

 

This thesis presented a systematic investigation of the application of pattern recognition 

techniques to rock recognition based on data obtained from on-line drill monitoring on a 

surface blasthole drill operating in a coal mining environment. A variety of ANNs were 

investigated, in an attempt to determine the optimum input features and classifiers.  

The primary contributions of the thesis are: 

• It was demonstrated that, at least for the case of an electric blasthole drill 

operating in an open-pit coal mine, with slow sampling of the monitored signals, 

the most relevant monitored drill variables for use as inputs to a classifier are the 

torque and the rate of penetration. 

• Classical statistical techniques, such as K-means and windowing, were shown to 

be ineffective for rock recognition based on this data set. They might exhibit good 

local rock classification, but are not applicable to global (inter-hole) classification. 

• The Supervised Learning (Back Propagation) ANN classifiers, trained using 

targets derived directly from drill data (thresholded specific fracture energy) were 

able to reproduce the same results as the commercial rock recognition system 

(Aquila System®), but no improvements were seen on the classification. This is 
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due to the fact that the BP ANN has no new information as compared to the 

commercial rock recognition system. 

• Unsupervised Learning (SOM) ANN classifiers, using torque and penetration rate 

as inputs, resulted in some improvements relative to the commercial system, since 

they could determine clusters in the underlying data. However, this improvement 

did not meet the requirements pursued in this thesis. 

• Unsupervised Learning (SOM) ANN classifiers enhanced with one component of 

the geophysical data, i.e. the gamma-density log in addition to torque and 

penetration rate as inputs, yielded much better classification performance since 

they could detect rock types that were not evident before. 

• Coal detection by SOM classifiers was shown to be insensitive to the size of the 

training set. However the recognition of other rock types was more sensitive to the 

size of the training set. 

• The training of Supervised Learning (BP) classifiers using only drill data as 

inputs, but with new (SOM generated) targets that incorporated both drilling and 

non-drilling (gamma-density) data was shown to not be beneficial. It appeared that 

use of drill data alone for the inputs limited the potential improvement from the 

additional information in the targets. 

• The training of Supervised Learning (BP) classifiers using both drilling and non-

drilling (gamma-density) data as inputs, and with new (SOM generated) targets 

that also incorporated both sources of data, was shown to yield improved 

performance. It appears that the incorporation of the non-drilling data into the 
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inputs enabled the classifier to benefit from the additional information in the 

targets. 

• Unsupervised Learning (SOM) ANNs are more sensitive to the size of the training 

data set than Supervised Learning (BP) ANNs. 

 

Thus this thesis has shown that, for the type of monitored drill data set that was analyzed, 

alternative types/designs of classifiers do not, by themselves, improve rock recognition 

performance. Performance is only improved if additional information relating to the rock 

characteristics, e.g. gamma-density or some other geophysical variable, is added to both 

the input set as well as to the data set used to generate targets. It should also be stressed 

that this research would have benefited from a larger set of hand-labeled (geologist-

labeled) lithologies – since it was restricted to only having one hand-labeled blasthole. 

 

8.2 Recommendations for Future Work 

 

Based on observations made during this thesis research, a number of suggestions for 

further investigation and research were formulated. Several of these show promise for 

improving rock recognition, as well as deriving other benefits, based on on-line drill 

monitoring. 

 

Finally, it is very important to mention that, for all future work, a large and well labeled 

data set is essential. Ideally, this labeling should be achieved through a skilled geologist’s 
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interpretation of a combination of: geophysical logs for each blasthole, core samples 

obtained close to the blastholes, and rock testing and assaying data from the core samples. 

 

8.2.1 Signal Processing  

 

The amplitude and frequency of the signal computed by the Variance Window Method 

appear to be correlated to lithology. Therefore the extraction of frequency domain 

features may have potential to improve rock recognition. In order to make this feasible, it 

would be necessary to improve the sampling rates of the monitored drill data.  This would 

require an extensive comparison between labeled rock-types and the potential new 

features. 

 

8.2.2 Other Rock Properties and Geological Structures 

 

The research conducted has shown that it is possible to recognize rock types by analyzing 

drilling and geophysical data, so it is logical to suspect that there could be a correlation 

between these variables and specific rock properties, such as grindability. There is 

research (Casali et al, 2001) which has proved the correlation between the drilling 

variables and such rock properties exists, and this could be very useful for the 

optimization of mining operations like milling and flotation. Such in-situ estimation of 

rock properties by analyzing both drilling and non-drilling variables has the potential for 

improving the mine-to-mill process. In addition, geological structures, such as faults and 
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fractures, are another potential area where this research could be extended. Some research 

(Hendricks et al, 1995) has reported that the air pressure and torque may be a good 

indicator to detect caverns and fractures. Such potential developments related to this 

research can open new areas regarding the estimation of rock properties on real-time and 

the improvements of geological knowledge of a mine site. 

 

8.2.3 Blast Damage 

 

One of the problems that has been seen after blasting of a specific bench in a mine is to 

measure the effects of that blast in the next bench or in the surrounding area. A potential 

way to do it is by the monitoring of vibration in during drilling machines. This is an 

untouched area of research.  

 

8.2.4 Bit Wear  

 

Besides the economical positive effects that further studies on the monitoring-while-

drilling can bring to areas like mine planning and recognition of rock type and properties, 

there is another interesting area which is tracking the wear of the drill bit. Bit wear can 

play an important role in the total drilling cost, and the ability to track the rate of wear 

could be useful in optimizing the total drilling cost.  
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Appendix A: Tables 

A.1 Backpropagation Network trained with Aquila Targets 

 

Table A-1: Overall Classification Accuracy for 3-class BP network based on Torque & Penetration 
Rate as inputs, with 4 different percentages of Training Data, relative to Aquila baseline. 

Percentage of data Blasthole 
100% 80% 50% 25% 

3610 96.62 96.75 97.09 96.14 
3708 93.95 94.09 93.82 93.82 
3757 94.67 94.27 93.60 95.20 
5314 95.71 95.56 95.27 95.86 
5413 96.86 96.03 96.03 97.36 
5512 94.21 93.76 93.36 94.07 
5611 95.12 94.97 94.97 94.82 
5612 96.61 96.44 96.44 96.61 
5710 94.39 93.59 93.06 94.85 
5711 97.31 97.25 97.28 96.93 
5715 95.35 95.01 93.98 95.70 
5809 94.88 94.63 94.28 94.93 
5810 94.19 93.87 93.63 94.46 
5815 95.12 94.77 94.67 95.09 
5909 95.78 95.48 95.32 95.48 
6015 92.08 92.43 92.70 91.17 
6115 94.59 94.57 94.75 94.73 

Average 95.14 94.91 94.72 95.13 
Max 97.31 97.25 97.28 97.36 
Min 92.08 92.43 92.70 91.17 
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Table A-2: Coal Classification Accuracy for 3-class BP network based on Torque & Penetration Rate 

as inputs, with 4 different percentages of Training Data, relative to Aquila baseline. 
Percentage of data Blasthole 

100% 80% 50% 25% 
3610 99.42 99.58 99.81 98.78 
3708 99.60 99.73 99.87 99.46 
3757 99.07 99.20 99.07 99.07 
5314 99.70 99.85 99.85 99.70 
5413 99.01 98.84 98.84 98.84 
5512 99.34 99.32 99.20 99.25 
5611 99.11 98.96 98.96 98.82 
5612 99.15 99.49 99.49 98.81 
5710 98.46 98.37 98.21 98.27 
5711 99.01 99.01 98.96 98.52 
5715 97.07 97.25 96.90 96.56 
5809 99.78 99.75 99.68 99.63 
5810 99.89 99.95 99.97 99.81 
5815 99.87 99.92 99.95 99.73 
5909 99.70 99.70 99.55 99.70 
6015 97.77 98.07 98.28 96.84 
6115 99.61 99.46 99.41 99.36 

Average 99.15 99.20 99.18 98.89 
Max 99.89 99.95 99.97 99.81 
Min 97.07 97.25 96.90 96.56 
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Table A-3: Overall Classification Accuracy for 3-class BP network based on Torque & Penetration 
Rate as inputs, with 3 different percentages of Training Data, relative to BP network with 100% 

Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
3610 99.64 99.36 99.14 
3708 99.60 99.06 99.60 
3757 99.33 98.40 99.20 
5314 99.56 99.26 99.56 
5413 99.17 99.17 99.17 
5512 99.32 98.92 99.11 
5611 99.85 99.85 99.70 
5612 99.15 99.15 99.32 
5710 98.89 98.37 98.92 
5711 99.59 99.22 99.33 
5715 98.97 97.93 98.28 
5809 99.55 99.15 99.45 
5810 99.41 99.06 99.41 
5815 99.55 99.33 99.33 
5909 99.70 99.55 99.40 
6015 99.47 99.20 98.90 
6115 99.23 98.91 99.14 

Average 99.41 99.05 99.23 
Max 99.85 99.85 99.70 
Min 98.89 97.93 98.28 
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Table A-4: Overall Classification Accuracy for 3-class BP network based on Torque, Penetration 

Rate, and Geophysical Density as inputs, with 4 different percentages of Training Data, relative to 
Aquila baseline. 

Percentage of data Blasthole 
100% 80% 50% 25% 

3610 96.73 96.92 96.98 96.78 
3708 93.95 93.82 93.55 94.35 
3757 94.27 94.13 93.73 95.07 
5314 95.71 95.71 95.56 95.41 
5413 97.19 96.53 95.54 97.85 
5512 93.85 93.93 93.36 93.05 
5611 95.56 95.56 95.41 95.41 
5612 96.44 96.44 96.44 93.90 
5710 94.61 94.02 92.97 94.27 
5711 97.28 97.45 97.31 97.42 
5715 95.52 94.84 93.80 95.70 
5809 94.78 94.75 94.48 94.65 
5810 94.22 94.03 93.71 94.49 
5815 94.80 94.96 94.67 95.07 
5909 95.32 95.32 95.17 95.93 
6015 92.02 92.64 92.79 93.56 
6115 94.77 94.77 94.72 94.43 

Average 95.12 95.05 94.72 95.14 
Max 97.28 97.45 97.31 97.85 
Min 92.02 92.64 92.79 93.05 
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Table A-5: Coal Classification Accuracy for 3-class BP network based on Torque, Penetration Rate 
and Geophysical Density as inputs, with 4 different percentages of Training Data, relative to Aquila 

baseline. 
Percentage of data Blasthole 

100% 80% 50% 25% 
3610 99.33 99.69 99.78 99.92 
3708 99.60 99.60 99.73 99.33 
3757 99.33 99.07 99.07 98.53 
5314 99.85 99.85 99.85 98.96 
5413 99.17 98.84 98.84 99.50 
5512 99.32 99.18 99.13 98.42 
5611 99.70 99.41 99.26 99.41 
5612 99.15 99.32 99.49 99.15 
5710 98.83 98.46 98.24 99.08 
5711 99.13 99.30 99.28 99.59 
5715 97.42 96.90 96.90 98.80 
5809 99.78 99.70 99.68 99.25 
5810 99.97 99.97 99.97 99.54 
5815 99.87 99.89 99.92 99.49 
5909 99.70 99.70 99.55 99.10 
6015 97.66 98.28 98.39 99.60 
6115 99.36 99.43 99.38 99.48 

Average 99.25 99.21 99.20 99.24 
Max 99.97 99.97 99.97 99.92 
Min 97.42 96.90 96.90 98.42 
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Table A-6: Overall Classification Accuracy for 3-class BP network based on Torque, Penetration 
Rate and Geophysical Density as inputs, with 3 different percentages of Training Data, relative to BP 

network with 100% Training Data. 
Percentage of data Blasthole 

80% 50% 25% 
3610 99.42 99.31 98.28 
3708 99.60 99.06 98.52 
3757 99.33 98.67 96.53 
5314 100.00 99.85 97.93 
5413 99.34 98.35 97.36 
5512 99.32 99.22 95.48 
5611 99.41 98.96 98.37 
5612 98.98 98.98 94.41 
5710 99.04 98.06 94.48 
5711 99.36 98.93 98.23 
5715 98.28 97.25 92.94 
5809 99.63 99.30 97.94 
5810 99.44 99.33 98.23 
5815 99.73 99.65 98.67 
5909 99.70 99.55 97.29 
6015 99.05 99.12 97.12 
6115 99.43 99.45 98.38 

Average 99.36 99.00 97.07 
Max 100.00 99.85 98.67 
Min 98.28 97.25 92.94 
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A.2 Backpropagation Network trained with SOM-classification 

targets 

 

Table A-7: Rock Type Sensibility for all of cases, relative to the BP ANN trained using 100% of data 
in each separate case. 

Case Data % Average Maximum Minimum 
1 80 94.41 97.59 90.91 
1 50 93.15 96.62 89.59 
1 25 94.36 97.55 91.57 
2 80 92.14 95.33 87.66 
2 50 90.39 93.60 84.61 
2 25 93.39 96.08 87.29 
3 80 92.09 95.25 88.43 
3 50 83.71 87.47 79.32 
3 25 80.23 87.54 72.21 
4 80 91.09 97.03 86.57 
4 50 91.76 97.31 87.61 
4 25 93.51 98.83 90.24 
5 80 89.64 95.15 82.53 
5 50 91.78 94.08 84.03 
5 25 88.60 93.81 76.64 
6 80 92.09 95.25 88.43 
6 50 83.71 87.47 79.32 
6 25 80.23 87.54 72.21 
7 80 98.26 99.62 96.90 
7 50 94.61 97.79 89.85 
7 25 96.51 98.35 93.56 
8 80 92.14 95.33 87.66 
8 50 90.39 93.60 84.61 
8 25 93.39 96.08 87.29 
9 80 94.76 96.77 92.25 
9 50 89.71 93.65 84.17 
9 25 96.15 98.05 93.05 

10 80 91.36 95.13 87.03 
10 50 99.71 100.00 99.54 
10 25 94.47 96.90 88.96 
11 80 89.64 95.15 82.53 
11 50 91.78 94.08 84.03 
11 25 88.60 93.81 76.64 
12 80 92.87 94.96 90.02 
12 50 84.01 87.28 72.48 
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12 25 82.39 87.85 62.38 
13 80 93.11 93.23 94.06 
13 50 93.23 97.50 88.26 
13 25 94.06 99.01 89.75 
14 80 89.65 94.19 84.88 
14 50 90.09 93.79 86.09 
14 25 90.26 95.63 85.37 
15 80 88.28 92.77 82.10 
15 50 90.32 93.07 87.66 
15 25 86.55 89.54 82.38 

 

Table A-8: Coal Sensibility Average for all of cases, relative to the BP ANN trained using 100% of 
data in each separate case. 

Case Data % Average Maximum Minimum 
1 80 100.00 100.00 100.00 
1 50 100.00 100.00 100.00 
1 25 100.00 100.00 100.00 
2 80 99.66 100.00 99.12 
2 50 99.59 100.00 98.81 
2 25 99.24 100.00 97.76 
3 80 99.71 100.00 98.81 
3 50 94.74 97.97 91.25 
3 25 99.15 99.87 96.24 
4 80 99.35 100.00 98.52 
4 50 99.31 100.00 98.52 
4 25 99.32 100.00 98.37 
5 80 99.65 100.00 98.99 
5 50 99.62 100.00 98.67 
5 25 99.34 100.00 98.49 
6 80 99.71 100.00 98.81 
6 50 94.74 97.97 91.25 
6 25 99.15 99.87 96.24 
7 80 100.00 100.00 99.98 
7 50 100.00 100.00 100.00 
7 25 100.00 100.00 100.00 
8 80 99.66 100.00 99.12 
8 50 99.59 100.00 98.81 
8 25 99.24 100.00 97.76 
9 80 98.76 99.80 97.12 
9 50 100.00 100.00 100.00 
9 25 100.00 100.00 100.00 

10 80 98.46 99.46 95.97 
10 50 99.95 100.00 99.84 
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10 25 97.65 99.39 89.71 
11 80 99.65 100.00 98.99 
11 50 99.62 100.00 98.67 
11 25 99.34 100.00 98.49 
12 80 98.45 99.65 96.27 
12 50 98.73 100.00 96.56 
12 25 99.30 100.00 98.00 
13 80 99.58 100.00 99.81 
13 50 100.00 100.00 100.00 
13 25 99.81 100.00 99.47 
14 80 100.00 100.00 100.00 
14 50 99.94 100.00 99.55 
14 25 99.73 100.00 97.44 
15 80 99.91 100.00 99.58 
15 50 99.87 100.00 99.25 
15 25 99.98 100.00 99.85 

 

Table A-9: Overall Coal Classification for all of cases, relative to Aquila labeling. 
Case Data % Average Maximum Minimum 

1 100 98.82 99.89 96.56 
1 80 99.40 100.00 97.42 
1 50 99.15 100.00 96.90 
1 25 99.39 100.00 97.42 
2 100 96.11 97.86 92.43 
2 80 96.61 98.49 92.50 
2 50 96.66 98.31 92.30 
2 25 96.88 98.77 93.30 
3 100 93.96 96.59 87.26 
3 80 94.01 96.65 87.26 
3 50 90.20 95.43 87.73 
3 25 94.47 97.16 87.79 
4 100 97.42 99.72 93.29 
4 80 98.26 99.97 95.87 
4 50 98.21 99.97 95.87 
4 25 97.84 99.83 95.01 
5 100 93.46 97.47 88.19 
5 80 94.80 97.52 91.33 
5 50 93.86 97.44 89.87 
5 25 94.93 98.92 90.19 
6 100 88.01 94.72 82.44 
6 80 90.33 95.65 86.92 
6 50 90.19 95.52 86.75 
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6 25 92.33 96.29 88.81 
7 100 94.71 98.83 88.81 
7 80 94.73 98.83 88.98 
7 50 95.55 99.07 90.71 
7 25 95.41 99.07 90.36 
8 100 89.89 95.25 83.30 
8 80 89.70 95.16 83.30 
8 50 91.92 96.75 85.37 
8 25 92.08 96.75 85.54 
9 100 88.14 94.15 81.76 
9 80 87.13 94.11 80.90 
9 50 89.51 95.10 83.30 
9 25 89.35 94.96 83.13 

10 100 95.42 99.08 91.86 
10 80 94.57 98.28 90.67 
10 50 95.43 99.14 91.86 
10 25 93.68 98.43 86.48 
11 100 88.56 94.75 84.17 
11 80 89.40 95.28 83.08 
11 50 88.52 94.24 83.87 
11 25 91.40 96.37 86.35 
12 100 85.29 92.22 79.49 
12 80 83.92 91.36 75.76 
12 50 84.93 93.25 78.14 
12 25 86.79 94.90 81.93 
13 100 97.28 99.56 93.73 
13 80 97.13 99.33 93.60 
13 50 98.24 99.76 94.91 
13 25 97.35 99.56 93.87 
14 100 92.41 96.99 85.71 
14 80 93.69 97.52 86.75 
14 50 93.81 97.71 87.26 
14 25 95.25 98.40 89.85 
15 100 89.86 95.07 83.13 
15 80 90.44 95.41 83.48 
15 50 90.51 95.97 83.99 
15 25 91.49 96.99 85.54 
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Appendix B: Rotary Electric Blasthole Drill Bucyrus 49R 

 

 
Figure B-1: 49 series Blasthole Drill Bucyrus (Bucyrus International, 2007).  
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