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Abstract 

 

Enhancing orebody knowledge through real-time data acquisition and 

advanced analytics is critical for optimizing mine planning and production efficiency. 

This research investigates the integration of Measure-While-Drilling (MWD) data 

with machine learning (ML) techniques to improve geotechnical, geophysical and 

geochemical characterization in open-pit mining. Traditional methods rely on sparse 

and costly exploration drill holes, leading to significant uncertainties in subsurface 

geological models. By leveraging MWD data, which provides continuous, cost-

effective drilling performance metrics, this study applies feature selection algorithms 

and ML models to predict key geotechnical, geophysical and geochemical 

properties, including rock strength, stratigraphic units and mineral compositions. 

Decision Trees, Support Vector Machines, Random Forests and Gaussian 

Processes were evaluated, with Random Forests achieving the highest predictive 

accuracy (up to R² = 0.98). Additionally, novel MWD-derived variables, such as the 

ratio of bit air pressure to penetration rate, were identified as significant predictors of 

ore quality. The findings demonstrate the potential for MWD-driven ML models to 

provide high-resolution, real-time orebody characterization, reducing the reliance on 

resource-definition drilling and enhancing operational decision-making. This 

research contributes to the advancement of data-driven orebody intelligence, 

subsurface modelling and mine-grade control strategies in the mining industry. 
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Chapter 1: Introduction 

1.1 Background and Context 

The mining industry is undergoing a rapid digital transformation, driven 

by increasing demands for automation, real-time data and improved decision-

making across the resources value chain. Orebody Knowledge (OBK) is a 

critical enabler of efficient mine planning, grade control and processing 

optimization. Accurate, high-resolution characterization of subsurface 

geological, geotechnical and geochemical properties enables better control 

over each step of the mining value chain, from blast design and 

fragmentation to processing recovery and waste management. Improved 

OBK not only reduces operational uncertainty and cost but also supports 

safer, more sustainable and adaptive mine planning practices, which are 

critical in the context of rising social, environmental and regulatory pressures.   

Among the digital tools available, Measure-While-Drilling (MWD) 

technology presents a significant opportunity to advance OBK through the 

real-time collection of drilling response data during blast hole drilling. MWD 

systems provide continuous measurements such as rate of penetration, 

torque, weight on bit and air pressure, at minimal additional cost.  

Despite MWD systems having been used in open-pit mining for 

decades, their analytical potential remains largely untapped. Most sites 

interpret MWD signals only at a broad scale to flag major lithological changes 

or drilling issues. Broader use has been restricted because: (i) the data are 

high-frequency and highly variable due to rig, operator and condition effects, 

demanding advanced analytics, (ii) integrating MWD with geotechnical, 

geophysical and geochemical data requires precise spatial alignment that 

operations rarely achieve and (iii) conventional statistics cannot model the 

nonlinear links between drilling mechanics and rock properties. As a result, 

systematic orebody characterization from MWD has been limited. This thesis 

addresses that gap using machine-learning methods capable of capturing 

these complex, operational-scale interactions. 

This research addresses this gap by leveraging an unusually 

comprehensive, production-scale dataset from a large open-pit iron ore 

operation in Western Australia. The dataset integrates thousands of MWD 
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records across multiple rigs with high-quality, spatially aligned geotechnical 

logs, geophysical wireline logs and laboratory-based geochemical assays 

representing a rare field-scale resource for machine learning-based orebody 

characterization. 

Another digital tool, machine learning (ML), has demonstrated value in 

modelling complex, non-linear relationships within geoscientific data. When 

combined with large volumes of MWD observations, ML offers a pathway to 

automate and scale subsurface characterization, potentially replacing or 

augmenting traditional exploratory drilling and laboratory testing. This thesis 

explores the intersection of leveraging MWD data and ML algorithms.  

This research is novel and advances the state-of-the-art by:  

➢ Developing and validating a unified, model-agnostic analytical 

framework that integrates MWD data with machine learning to 

predict geotechnical, geophysical and geochemical properties 

at sub-meter resolution. 

➢ Applying and comparing feature importance techniques across 

multiple domains to identify the most influential MWD inputs 

and improve model interpretability for operational use. 

Demonstrated through five peer-reviewed studies, real-time MWD 

data can augment or replace traditional exploration methods to deliver 

enhanced OBK across the mining value chain. 

1.2 Research Aim and Objectives 

The aim of this thesis is to develop and validate a data-driven 

framework that leverages MWD data and ML techniques to enhance orebody 

knowledge in open-pit mining. By integrating geotechnical, geophysical and 

geochemical analysis, this research seeks to establish a scalable and cost-

effective methodology for subsurface characterization, ultimately improving 

mine planning, resource estimation and operational decision-making. 

To operationalize this aim, the research was structured around the 

following objectives: 

1. Review existing applications of MWD data and ML techniques in 

subsurface characterization to identify gaps and limitations. 
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2. Develop regression models for predicting geotechnical properties 

using interpretable feature-importance approaches. 

3. Develop classification models capable of identifying stratigraphy and 

geotechnical domains from MWD responses. 

4. Establish ML frameworks for predicting geophysical properties from 

MWD data and assess their capacity to serve as surrogates for 

wireline logs. 

5. Evaluate the potential of MWD data to approximate geochemical 

assay results and quantify predictive performance across multiple 

impurity elements. 

6. Synthesize findings across all modelling domains to produce a unified, 

operationally scalable framework for MWD-driven orebody 

intelligence. 

These objectives align directly with the five peer-reviewed papers that 

form the core of the thesis. 

 

Although geological classification is an important component of 

orebody characterisation, the available dataset for this study contained 

substantially higher-quality and more spatially consistent measurements for 

geotechnical, geophysical and geochemical properties. In contrast, the 

geological labels exhibited greater uncertainty due to variable logging 

practices, inconsistent stratigraphic boundaries and fewer intervals with high-

confidence lithological control.  

These limitations reduce the reliability of supervised geological 

modelling at operational scale. For this reason, the thesis focuses on the 

domains where data density, label quality and operational relevance are 

strongest, while geological classification is addressed in Paper C in a 

constrained and methodologically appropriate manner. 

A key focus is the application of feature importance techniques 

alongside supervised ML models to identify the most influential MWD 

variables and to quantify their predictive relationship with subsurface 

properties. By identifying the most influential MWD parameters, this research 

aims to enhance interpretability and provide actionable insights into the 

underlying geological, geotechnical and geochemical conditions.  
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This thesis is distinguished by its use of a rare, multivariate dataset 

collected at full operational scale and by the systematic application of 

explainable ML techniques across diverse orebody attributes. The 

methodological rigor and domain breadth strengthen the reliability, 

generalizability and operational relevance of the findings. 

1.3 Significance  

This study holds significant value in advancing the use of MWD data 

and ML techniques to enhance orebody knowledge in open-pit mining. The 

mining industry increasingly relies on data-driven approaches to optimize 

orebody characterization, reducing operational costs while improving 

efficiency. Traditional subsurface characterization methods rely heavily on 

sparse and costly exploration drilling, leading to uncertainties in mine 

planning and operational decision-making. 

By leveraging MWD data with predictive ML models and feature 

importance techniques, this research provides a high-resolution, data-driven 

approach to understanding geotechnical, geophysical and geochemical 

properties in real time. Moreover, it establishes a scalable framework for 

orebody characterization that can be adapted across various mining 

environments. The findings contribute to both academic knowledge and 

industry practice, offering a pathway towards more efficient and sustainable 

mining operations. 

This significance of this study contributes to the mining industry by: 

➢ Improving mine planning and resource estimation by integrating 

MWD data with ML models.  

➢ Better predictive insights into subsurface conditions, reducing 

geological uncertainty and optimizing resource allocation and 

supporting more informed decision-making in open-pit mining. 

➢ Enhancing operational efficiency and safety through the real-

time application of MWD-based predictive models, which can 

support decision-making in drilling, blasting and excavation 

➢ Reducing costs and improving sustainability via a data-driven 

approach minimizes reliance on expensive exploration drilling 
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and laboratory testing while maximizing the value of existing 

MWD datasets.  

➢ Advancing digital transformation in mining by contributing to the 

broader shift towards automation and digitalization in the mining 

industry, promoting the adoption of AI-driven decision-support 

systems.  

1.4 Structure of the Thesis 

This thesis is structured as a collection of five published, peer-reviewed 

journal papers, each addressing a key aspect of orebody knowledge 

enhancement using MWD data: 

➢ Chapter 1 - Background, Context, Research Aims and Objectives, 

Significance and Thesis Structure 

➢ Chapter 2 - Data and Methodology  

➢ Chapter 3 - Literature Review of MWD and ML in mining (Paper A) 

➢ Chapter 4 - Feature importance and development of geotechnical 

regression ML models (Paper B). 

➢ Chapter 5 - Feature importance and classification of geotechnical 

conditions using ML (Paper C). 

➢ Chapter 6 - Feature importance and prediction of geophysical 

properties from MWD data using ML (Paper D). 

➢ Chapter 7 - Feature importance and estimation of geochemical 

composition using MWD and ML (Paper E). 

➢ Chapter 8 - Synthesis of findings, implications for industry and 

recommendations for future research. 

➢ References - A list of all works cited in the publications 

➢ Appendix: Peer review comments and responses for publications 

While each published paper is self-contained, the chapters collectively 

implement a progressive analytical framework. Paper A synthesises the 

broader literature and situates the research within the state of knowledge. 

Paper B establishes the foundations for geotechnical regression and 

interpretable feature importance, Paper C extends these insights into 



14 
 

categorical geotechnical classification, Paper D expands the framework to 

geophysical property prediction, and Paper E applies similar techniques to 

geochemical analysis. This structure reflects a logical progression from 

understanding MWD behaviour, to applying predictive models across 

increasingly complex subsurface domains. 

While the analytical framework is consistent across Papers B-E, the 

specific modelling and feature-selection methods differ to reflect domain-

specific challenges:  

➢ Boruta-SHAP was chosen for Paper B because it provides model-

agnostic variable importance suitable for high-noise geotechnical 

labels.  

➢ Paper C employed MRMR and ReliefF, which are effective for 

multi-class categorical classification where redundancy and local 

neighbourhood structure strongly influence separability.  

➢ Papers D and E used MARS and PPR to capture non-linear 

additive behaviours in geophysical and geochemical responses. 

Similarly, differences in dataset selection (one pit versus two pits) reflect 

the availability of validated reference measurements in each domain. These 

methodological divergences ensure that each task uses the most technically 

appropriate approach while remaining aligned with the overarching 

framework. 

This research demonstrates that certain MWD variables are important for 

prediction of orebody properties and multivariate MWD data. Combined with 

ML, a scalable and cost-effective solution is presented for improving orebody 

knowledge and optimizing mining operations. 
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Chapter 2: Data and Methodology 
 The analytical approach developed in this thesis is model agnostic and 

designed to flexibly integrate MWD data with multiple subsurface property 

domains via ML. The framework prioritizes generalizability, interpretability 

and practicality for implementation in real mining operations. 

The framework comprises five sequential stages (Figure 2.1). While feature 

selection and importance analysis are shown as preceding model training, 

these stages can also be an iterative process. Model-derived importance 

measures obtained after initial training can be used to refine the features and 

improve subsequent modelling cycles. 

1. Input data aggregation, during which raw MWD metrics are combined 

with domain-specific reference data: 

a. Geotechnical measurements, including Unconfined 

Compressive Strength, Fractures per Meter, Geological 

Strength Index 

b. Wireline geophysical logs, including gamma radiation, density, 

magnetic susceptibility and caliper 

c. Geochemical assays, including iron percentage, phosphorous, 

sulfur, alumina and silica 

2. Preprocessing and feature engineering, which includes cleaning 

erroneous values, smoothing noise and computing derived variables, 

such as MWD ratios and a moving standard deviation. Spatial 

alignment with reference datasets is performed for supervised learning 

compatibility. 

3. Feature selection and importance analysis, during which model-

independent methods rank the predictive relevance of each MWD 

metric. These algorithms include Boruta-SHAP (Paper B), ReliefF 

(Paper C) MARS (Papers D and E) and PPR (Paper D). 

4. Model training and selection, in which a suite of ML models is 

implemented for both regression and classification, including Decision 

Trees, Random Forests, Support Vector Machines, Gaussian 

Processes and Neural Networks. Models are trained using 80/20 splits 

and 10-fold cross-validation. 

5. Model evaluation and deployment, during which performance metrics 

include R² and RMSE for regression and accuracy and confusion 

matrices for classification. Results are interpreted statistically and 

operationally. 
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Figure 2.1 Analytical framework for MWD-based subsurface characterization. 

Feature selection and variable importance analysis can occur before and 

after model training, allowing for an iterative workflow in which modelling 

outcomes inform subsequent feature refinement. 

This workflow is applied consistently across four modelling domains, 

including geotechnical regression (Paper B), geotechnical classification 

(Paper C), geophysical regression (Paper D) and geochemical regression 

(Paper E). The generalized workflow illustrated in Figure 2.1 serves as the 

methodological foundation for this thesis. The next sections describe the 

datasets and modelling approach used to implement this framework across 

four domains (geotechnical regression, geotechnical classification, 

geophysical regression and geochemical regression), each corresponding to 

a distinct research objective. 

2.1 Introduction 

This chapter outlines the data sources, preprocessing steps and 

modelling methodologies employed to integrate MWD data with ML 

techniques for enhanced orebody characterization in open-pit mining. The 

research employs a combination of statistical analysis, ML algorithms, 

feature importance techniques and supervised learning algorithms across 

geotechnical, geophysical and geochemical domains.  

Given the thesis by compilation format, the methods are structured 

around the five core research objectives. Each objective targets a distinct 

modelling challenge and is addressed through an associated peer-reviewed 

journal publication. Table 2.1 summarizes these objectives and the 

corresponding peer-reviewed, published papers. 
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Table 2.1: Summary of research objectives, focus areas and corresponding 

peer-reviewed, published papers. 

Research Objectives 
Output Type 

and Domain 
Summary Paper Publication 

Cite-

Score 
Ranking 

1. To review existing 

applications of MWD 

data and ML 

algorithms in 

subsurface 

characterization 

 

 

Literature 

Review MWD 

Review of 

intersections 

between MWD 

and ML for 

open-pit rock 

characterization 

 

 

A 

Goldstein, 

Aldrich and 

O’Connor 

2024a 

9.9 

 

Q1 

(Engineering 

(misc.)) 

2. To develop regression 

models for predicting 

geotechnical 

properties, such as 

rock strength and 

fracture frequency, 

using feature-

importance techniques 

Regression 

Geotechnical 

Predict rock 

strength 

parameters 

(UCS, FPM, 

GSI) from MWD 

using Boruta-

SHAP for feature 

ranking 

 

 

B 

Goldstein, 

Aldrich, 

Shao and 

O’Connor 

2025c 

 

4.0 

 

Q2 

(Geology) 

3. To classify rock mass 

conditions and 

geotechnical 

categories based on 

MWD responses 

Classification 

Geotechnical 

Classify rock 

types, 

stratigraphy and 

strength classes 

using 

interpretable ML 

classifiers 

 

C 

Goldstein, 
Aldrich, 

Shao and 
O’Connor 

2025b 
 

 

5.3 

Q1 (General 

Earth and 

Planetary 

Sciences) 

4. To establish predictive 

models for 

geophysical attributes, 

including density, 

gamma radiation and 

magnetic susceptibility 

Regression 

Geophysical 

Model gamma, 

density and 

magnetic logs 

using 

nonparametric 

regression with 

MWD inputs 

 

 

D 

Goldstein, 

Aldrich, 

Shao and 

O’Connor 

2025a 

 

4.4 

 

Q1 

(Geology) 

5. To apply ML 

techniques to estimate 

orebody geochemical 

properties, including 

iron, phosphorus and 

sulfur content, using 

MWD data 

Regression 

Geochemical 

Predict ore 

chemistry (e.g., 

%Fe, P, S, 

Al₂O₃, SiO₂) 

from drilling 

response data 

using MARS 

 

E 

Goldstein, 

Aldrich and 

O’Connor 

2024b 

 

1.8 

 

N/A 

Acronyms: a) rop = rate of penetration, b) tor = torque, c) wob = weight on bit, d) bap = bit air 

pressure and e) rpm = rotations per minute. 

The remainder of this chapter is organized as follows: Section 2.2 

describes the study area, MWD exploration datasets and data preprocessing. 

Section 2.3 introduces the ML models used for feature importance, 
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regression and classification predictions. Section 2.4 details model validation 

procedures and performance metrics. Section 2.5 documents the software 

and computational infrastructure used in this study. 

2.2 Data Collection and Preprocessing 

2.2.1 Study Area and Data Sources 

Data for this study were sourced from an open-pit iron ore mine in the 

Pilbara region of Western Australia. The deposit is hosted within a banded 

iron formation (BIF) sequence typical of Pilbara iron ore operations, 

comprising interlayered hematite-goethite mineralisation, chert bands and 

structurally deformed shale units. The near-surface profile includes a well-

developed detrital and CID (channel iron deposit) horizon, underlain by 

variably weathered BIF transitioning into fresh, competent material at depth. 

Local folding and faulting contribute to lithological variability and influence 

both rock mass strength and geophysical responses. This geological context 

provides the structural and stratigraphic framework within which MWD 

responses and target properties must be interpreted. 

Due to commercial confidentiality requirements associated with the 

operational dataset, the precise number of MWD records, blast holes and 

exploration intervals cannot be disclosed. However, the dataset is sufficiently 

large to support model training, validation and testing across all domains, 

with each blasthole contributing on the order of tens to hundreds of depth-

resolved measurements per variable. All modelling results presented in this 

thesis reflect the full operational dataset provided, and only aggregated 

outcomes—not raw counts or identifiable operational metrics—are reported. 

Predictor and target variables were selected based on their data 

completeness, spatial reliability and operational relevance, ensuring that 

each supervised learning task was built on the highest-quality labels 

available within the constraints of the confidential dataset. 

The key data sources include: 

➢ MWD sensor readings from open pit blasthole drilling rigs capturing 



19 
 

o Penetration rate (rop) is the drilling speed, which is influenced 

by rock strength and other drilling variables 

o Torque (tor) is the rotational pressure on the drill bit, which is 

sensitive to lithological changes and rock fractures 

o Force on bit (wob) is the downward force applied on the bit 

o Bit air pressure (bap) is the pneumatic pressure to clear 

cuttings from the bottom of the drillhole 

➢ Wireline geophysical measurements from exploration diamond and 

Reverse Circulation (RC) drillholes, including density (dens), gamma 

radiation (gamma), magnetic susceptibility (magsus), resistivity (res) 

and hole diameter (cal). 

➢ Laboratory assays for geochemical composition from exploration RC 

drilled holes, including percent iron (%Fe), phosphorus (P), sulfur (S), 

alumina (Al2O3) and silica (SiO2). 

➢ Geotechnical field logs from exploration diamond drilled core holes 

containing fracture frequency per meter (FPM) and categorial 

Stratigraphic Unit, Rock/Soil Strength, Rock Type and Weathering,  

➢ Laboratory testing results from exploration diamond drilled core 

samples for Uniaxial Compressive Strength (UCS)  

➢ Calculated rock mass classification system scores and categories 

from exploration diamond drilled core holes for Geological Strength 

Index (GSI) 

An important consideration in this study is the integration of datasets 

with inherently different temporal and spatial resolutions. MWD sensor 

readings are captured at high frequency during blasthole drilling, with 

measurements recorded at approximately 0.1 m intervals along each 

hole. For a typical 10 m production hole, around 100 records per variable 

are recorded in minutes. In contrast, laboratory geochemical assays from 

exploration drilling are generally collected at much coarser intervals 

consisting of a 2 m composite of rock chips, often years prior to 

production drilling in the same area. Similarly, geotechnical logs from core 

drilling are recorded at 0.01m scale while geotechnical laboratory 

samples are limited to selective intervals based on the logger’s 
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judgement. Wireline geophysical responses are continuously recorded at 

0.01m spacing from the bottom of the hole to the collar at the beginning. 

These discrepancies necessitate careful spatial alignment and 

interpolation or aggregation of high-frequency operationally-sourced 

MWD data to match the coarser, irregularly spaced exploration-sourced 

reference measurements. Such integration challenges influence label 

density for supervised learning and can affect model generalization, 

particularly in zones where reference data are sparse or highly variable. 

2.2.2 Data Preprocessing 

To ensure data consistency and accuracy, the following preprocessing 

steps were applied: 

1. Feature engineering by computing derived variables, such as force-

on-bit ratios and moving standard deviations. 

2. Noise removal by filtering unreliable MWD readings (e.g., negative 

values, extreme outliers) using interquartile range detection and 

smoothing. 

3. Fusion of MWD data with spatially aligned exploration drilling results 

for supervised ML training. 

The engineered features were selected to capture drilling mechanics 

behaviors that are not directly observable from raw measurements. For 

example, ratios such as bap/rop highlight cuttings removal efficiency relative 

to penetration rate, while moving standard deviations emphasize short-scale 

transitions associated with fractures, voids or material changes. These 

transformations provide physically interpretable signals that improve 

predictive performance. “Fusion” refers specifically to the spatial integration 

of depth-matched MWD observations with exploration-derived labels so that 

each training instance contains both predictor and response variables. 
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2.3 ML methodology 

2.3.1 Feature Selection versus Feature Importance 

Feature selection and feature importance serve complementary roles 

within the modelling workflow. Feature selection methods, such as MRMR 

and ReliefF identify subsets of variables that maximize predictive relevance 

while reducing redundancy that ultimately improve stability of classification 

models. In contrast, feature importance algorithms such as Boruta-SHAP, 

MARS and PPR quantify the relative contribution of each variable to model 

outputs without necessarily removing predictors.  

The choice of algorithm in each paper reflects the characteristics of 

the target domain: 

➢ Classification tasks benefit from reduced feature redundancy 

➢ Regression tasks emphasize interpretability via importance 

ranking 

2.3.2 ML Models 

The ML models used in this thesis span several families chosen to 

balance predictive performance, interpretability and operational feasibility 

across the prediction tasks in Papers B-E.  

➢ Decision Trees and Random Forests offer transparent, rule-

based structures suited to heterogeneous inputs 

➢ Support Vector Machines handle high-dimensional decision 

boundaries 

➢ Gaussian Processes provide smooth, probabilistic functional 

estimates 

➢ Neural Networks model complex feature interactions with 

appropriate tuning.  

Each paper applies the following common analytical framework 

➢ An 80/20 data split 

➢ A consistent cross-validation strategy  

➢ Shared performance metrics that differ in the specific output 

variable, data source and domain-specific challenge addressed. 
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2.3.3 Geotechnical Regression (Paper B) 

➢ Target OBK characteristics included UCS, FPM, GSI. 

➢ Feature importance analysis using Boruta-SHapley Additive 

Explanations (Boruta-SHAP) identified key MWD variables 

contributing to model performance and all measured and engineered 

variables outperformed shadow variables. 

➢ Decision Trees (DT), Random Forest (RF), Support Vector Regression 

(SVR), Gaussian Process Regression (GPR) and Neural Networks 

(NN) were trained to predict UCS rock strength, FPM fracture 

frequency and GSI rock mass classification scores. 

➢ Model performance was assessed using Coefficient of determination 

(R²) and root mean square error (RMSE) values for validation and 

testing data. 

2.3.4 Geotechnical Classification (Paper C) 

➢ Target OBK characteristics included lithology, stratigraphic unit, rock 

strength class and weathering intensity. 

➢ Feature selection analysis using Minimum Redundancy Maximum 

Relevance and ReliefF identified all measured MWD variables as 

contributing to model performance.  

➢ DT, RF, SVM, K-Nearest Neighbors (KNN), Linear Discriminant 

Analysis (LDA) and Naïve Bayes (NB) were trained to predict 

Categorial geotechnical properties, including Lithology, Stratigraphic 

Unit, Rock/Soil Strength, Rock Type and Weathering.  

➢ Model performance was assessed using validation and testing 

accuracies, validation costs and confusion matrices. 

2.3.5 Geophysical Regression (Paper D) 

➢ Target OBK characteristics included gamma, density, magnetic 

susceptibility, resistivity and caliper. 

➢ Feature importance was performed using Multivariate Adaptive 

Regression Splines (MARS) and Project Pursuit Regression (PPR) to 

identify critical MWD features. 
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➢ Downhole wireline sonde geophysical measurements, including 

density, gamma, magnetic susceptibility, resistivity and caliper, were 

predicted using DT, RF, SVM, GP and NN. 

➢ Model performance was assessed using R2 and RMSE values for 

validation and testing data. 

2.3.6 Geochemical Regression (Paper E) 

➢ Target OBK characteristics included %Fe, P, S, Al2O3, SiO2. 

➢ MARS was applied to determine the most important MWD variables 

for geochemical predictions. 

➢ %Fe as well as geochemical impurities, such as P, S, Al2O3 and SiO2, 

were modelled using Linear Regression (LR), DT, RF, SVM, GP and 

NN. 

➢ Model performance was assessed using R2 and RMSE values for 

validation and testing data. 

 

While the framework evaluates a diverse suite of ML models for each 

prediction task, the adequacy of different model families for MWD-based 

orebody characterization has been considered. Linear models are 

interpretable and computationally efficient. On the other hand, they are 

generally limited in capturing the highly non-linear and interacting 

relationships between drilling responses and subsurface properties observed 

in this dataset. Non-linear models, such as RF, GP and NN, provide higher 

predictive accuracy by modelling complex interactions. However, they occur 

at the cost of increased computational need and reduced interpretability. 

From an operational perspective, there is also a trade-off between 

optimizing model performance for each domain (geotechnical, geophysical, 

geochemical) and deploying a single, general-purpose model across all 

tasks. For example, a multilayer perceptron could be adapted to predict all 

property types from MWD inputs. This approach simplifies maintenance, 

integration and training pipelines. However, domain-specific models often 

achieve superior accuracy by tailoring hyperparameters, feature sets and 

architectures to the characteristics of the target property. In production 

operations, the decision between these approaches will depend on the 
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relative importance of predictive performance, interpretability, ease of 

deployment and maintenance overhead. 

2.4. Model Evaluation and Validation 

To ensure robustness, ML models were built using: 

➢ An 80/20 split was used, with 80% of the data allocated to training and 

validation and 20% reserved for independent testing. 

➢ A 10-fold cross-validation procedure was applied within the 

training/validation portion to ensure model tuning and evaluation on 

independent subsets. 

➢ Regression model were evaluated using Coefficient of determination 

(R²) and root mean square error (RMSE) as performance metrics. 

➢ Classification models were evaluated using validation accuracy, 

testing accuracy, validation costs and confusion matrices as 

performance metrics. 

➢ In the Boruta framework, shadow variables are randomly permuted 

duplicates of the predictors that establish a baseline for determining 

whether a real variable carries meaningful signal beyond noise. In 

Chapter 4, this method is applied to assess the feature importance of 

MWD variables, using SHAP scores to compare each predictor 

against its shadow counterpart. 

➢ Feature importance rankings were validated for stability across folds 

and modelling approaches. Transparency and interpretability were 

prioritized to support operational uptake. 

2.5. Software and Hardware 

➢ MATLAB was used for data processing, calculation of Boruta-SHAP 

values as well as ML predictive model development using the 

Regression Learner and Classification Learner toolboxes 

➢ The earth and stats packages in R were used to compute the MARS 

and PPR feature importance scores, respectively 

➢ Computations were performed on a Pawsey Supercomputer Nimbus 

cloud Ubuntu instance with 8 vCPUs and 32 GB of memory. 
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A Review of Orebody Knowledge Enhancement Using Machine Learning on 
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Abstract: Measure while drilling (MWD) refers to the acquisition of real-time data associated with the
drilling process, including information related to the geological characteristics encountered in hard-
rock mining. The availability of large quantities of low-cost MWD data from blast holes compared
to expensive and sparsely collected orebody knowledge (OBK) data from exploration drill holes
make the former more desirable for characterizing pre-excavation subsurface conditions. Machine
learning (ML) plays a critical role in the real-time or near-real-time analysis of MWD data to enable
timely enhancement of OBK for operational purposes. Applications can be categorized into three
areas, focused on the mechanical properties of the rock mass, the lithology of the rock, as well as,
related to that, the estimation of the geochemical species in the rock mass. From a review of the
open literature, the following can be concluded: (i) The most important MWD metrics are the rate of
penetration (rop), torque (tor), weight on bit (wob), bit air pressure (bap), and drill rotation speed
(rpm). (ii) Multilayer perceptron analysis has mostly been used, followed by Gaussian processes
and other methods, mainly to identify rock types. (iii) Recent advances in deep learning methods
designed to deal with unstructured data, such as borehole images and vibrational signals, have not
yet been fully exploited, although this is an emerging trend. (iv) Significant recent developments
in explainable artificial intelligence could also be used to better advantage in understanding the
association between MWD metrics and the mechanical and geochemical structure and properties of
drilled rock.

Keywords: measure-while-drilling (MWD); logging-while-drilling (LWD); open-pit mining; subsur-
face characterization; machine learning (ML); data acquisition; rock properties; geochemical analysis;
artificial intelligence (AI); predictive modelling; feature importance

1. Introduction

Measurement while drilling (MWD) originated from Schlumberger’s downhole elec-
trical logging system in 1911, which was exclusively successful within the oil industry [1].
They described MWD as a system of sensors collecting performance data during rock
drilling of open-pit mining production blast holes that can be correlated with pre-excavation
subsurface conditions. Using MWD as a characterization system is desirable due to the
low cost and high resolution of blast holes. On the other hand, exploration drill holes are
expensive and are rarely collected in comparison.

While MWD was introduced to the open-pit mining environment in the 1970s, its use
to characterize the subsurface was limited due to the high volume of analogue data to man-
ually analyse. To address this limitation, computerized data acquisition of MWD variables
to broadly determine lithological boundaries in open-pit mining was introduced around
the 1980s [2–7]. Evolving from this initial use of computerized MWD rock recognition, this
literature review focuses on the progression of advancing analytics, including machine
learning (ML) algorithms, in MWD data to determine the geotechnical, geological, and
geochemical subsurface characteristics before open-pit mining.
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To perform the above correlations, multiple MWD metrics are collected by researchers.
Depending on the manufacturer system setup, MWD datapoints are generated as time
series or depth series in blast holes ranging from 10 m deep in surface iron ore mines to over
60 m in open-pit coal mines [8]. The most common variables acquired in open-pit mining
MWD systems are time, depth, rate of penetration (rop), torque or rotational pressure
(tor), bit air pressure (bap; also called flushing air pressure), weight on bit (wob; also
called weight on rods, thrust, or feed pressure), and rotary speed or revolutions per minute
(rpm) [9]. Other less commonly collected variables are the drilling acoustic changes and
vibrations of the drill rods [10].

Due to the continuous nature of drill and blast cycles for excavation in open-pit
operations, enormous quantities of MWD datapoints are collected. Due to this sheer
volume of data to analyse, researchers have recently begun applying artificial intelligence
to MWD datasets to understand nonlinear trends between drill responses and subsurface
composition. For instance, a single productive rig at an open-pit iron ore mine may drill
around one hundred 10–12 m blast holes per day, generating a minimum of 10,000 MWD
observations with several responses per observation, including rop, tor, wob, bap, and
rpm [11]. Many major iron ore mines employ around a dozen simultaneously operating
blast drills. Despite the abundance of data, as shown in Section 2 most studies have focused
on broad classification of rock types or hardness using rop to denote lithological boundaries
rather than detailed characterization of each rock type. In industry, mine technical services
professionals are not necessarily appropriately skilled to analyse large volumes of data in
the brief time period between drilling blast holes and loading of explosives.

The objective of this study is to present a systematic and thorough examination of the
existing body of research pertaining to the utilization of ML algorithms in the analysis of
MWD data for the purpose of characterizing rock in mining operations. Furthermore, this
study incorporates a comprehensive analysis of algorithms employed for assessing the
significance of each metric related to the MWD technique, in relation to variations in the
subsurface, such as rock strength, fracture frequency, elemental composition, and density.
Additionally, it explores the potential of ML algorithms and their prospective utilization
in forthcoming applications. Figure 1 presents a flowchart that describes the research
framework of this study. Section 2 presents a concise summary of the dissemination of
scholarly literature through journals and the prevailing patterns in publications. Section 3
details the development of ML models from MWD data. In Section 4, this study presents
the pragmatic implementations of data analysis derived from MWD techniques in the
domains of geology identification using density; gamma; magnetic susceptibility and
resistivity responses; assessment of rock mass characteristics, including rock strength,
fracture frequency and rock mass classification scores; and geochemical composition, such
as iron percentage as well as primary and secondary contaminants. These applications
are expounded upon in Sections 4.1–4.3, respectively. Section 5 presents an exposition on
the challenges and potential associated with the application of ML techniques for rock
characterization utilizing MWD data. The concluding remarks are presented in Section 6.

Mach. Learn. Knowl. Extr. 2024, 6, FOR PEER REVIEW  2 
 

 

machine learning (ML) algorithms, in MWD data to determine the geotechnical, geologi-
cal, and geochemical subsurface characteristics before open-pit mining. 

To perform the above correlations, multiple MWD metrics are collected by research-
ers. Depending on the manufacturer system setup, MWD datapoints are generated as time 
series or depth series in blast holes ranging from 10 m deep in surface iron ore mines to 
over 60 m in open-pit coal mines [8]. The most common variables acquired in open-pit 
mining MWD systems are time, depth, rate of penetration (rop), torque or rotational pres-
sure (tor), bit air pressure (bap; also called flushing air pressure), weight on bit (wob; also 
called weight on rods, thrust, or feed pressure), and rotary speed or revolutions per mi-
nute (rpm) [9]. Other less commonly collected variables are the drilling acoustic changes 
and vibrations of the drill rods [10]. 

Due to the continuous nature of drill and blast cycles for excavation in open-pit op-
erations, enormous quantities of MWD datapoints are collected. Due to this sheer volume 
of data to analyse, researchers have recently begun applying artificial intelligence to MWD 
datasets to understand nonlinear trends between drill responses and subsurface compo-
sition. For instance, a single productive rig at an open-pit iron ore mine may drill around 
one hundred 10–12 m blast holes per day, generating a minimum of 10,000 MWD obser-
vations with several responses per observation, including rop, tor, wob, bap, and rpm [11]. 
Many major iron ore mines employ around a dozen simultaneously operating blast drills. 
Despite the abundance of data, as shown in Section 2 most studies have focused on broad 
classification of rock types or hardness using rop to denote lithological boundaries rather 
than detailed characterization of each rock type. In industry, mine technical services pro-
fessionals are not necessarily appropriately skilled to analyse large volumes of data in the 
brief time period between drilling blast holes and loading of explosives. 

The objective of this study is to present a systematic and thorough examination of the 
existing body of research pertaining to the utilization of ML algorithms in the analysis of 
MWD data for the purpose of characterizing rock in mining operations. Furthermore, this 
study incorporates a comprehensive analysis of algorithms employed for assessing the 
significance of each metric related to the MWD technique, in relation to variations in the 
subsurface, such as rock strength, fracture frequency, elemental composition, and density. 
Additionally, it explores the potential of ML algorithms and their prospective utilization 
in forthcoming applications. Figure 1 presents a flowchart that describes the research 
framework of this study. Section 2 presents a concise summary of the dissemination of 
scholarly literature through journals and the prevailing patterns in publications. Section 3 
details the development of ML models from MWD data. In Section 4, this study presents 
the pragmatic implementations of data analysis derived from MWD techniques in the do-
mains of geology identification using density; gamma; magnetic susceptibility and resis-
tivity responses; assessment of rock mass characteristics, including rock strength, fracture 
frequency and rock mass classification scores; and geochemical composition, such as iron 
percentage as well as primary and secondary contaminants. These applications are ex-
pounded upon in Sections 4.1, 4.2 and 4.3, respectively. Section 5 presents an exposition 
on the challenges and potential associated with the application of ML techniques for rock 
characterization utilizing MWD data. The concluding remarks are presented in Section 6. 

 
Figure 1. Research framework for review of machine learning (ML) of mining MWD data. Figure 1. Research framework for review of machine learning (ML) of mining MWD data.



Mach. Learn. Knowl. Extr. 2024, 6 1345

2. Literature Sources and Dissemination

As indicated by the literature review process, the publication of papers on this topic
spans around thirty years. A total of 537 research articles mentioning “Measure-While-
Drilling” or “Measurement-While-Drilling” have been indexed in Google Scholar (GS)
from the late 1980s to the present, as shown in Figure 2’s yellow bars. Nonetheless, when
the search results are filtered to studies employing MWD to strictly characterize the rock
being drilled, there are just 129 publications. The 129 articles are organized according
to the year of publication, as shown in Figure 2’s green bars. Indeed, the use of MWD
data for rock characterization is limited in the first decade of the twenty-first century,
whereas the number of papers has expanded dramatically in the last decade, with twenty-
six publications expected in 2022. When the search parameters are restricted to using
MWD to strictly characterize the rock being drilled using ML approaches, there are just
32 publications with a rapid employment of ML algorithms since 2016, shown in blue in
Figure 2.
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in all excavation types using ML from 1997 to 2022.

To address readers’ academic interests in characterizing rock types using ML tech-
niques on MWD data in open-pit mining, more journal articles than conference papers have
been published. While master’s and doctorate dissertations were not featured on GS, a few
of them have been published [12–17]. The leading journals are Mathematical Geosciences
and Minerals, which have published over 22% of the discoveries concentrating on the use
of ML on MWD data for open-pit mining rock characterization. Each of the remaining
journals has published one paper.

Several ML techniques were applied to characterize rock conditions using MWD data
in the reports identified with the GS search parameters. There are generally two types of
ML techniques used in those findings: neural networks (NNs) [12,16,18–20] and Gaussian
process (GP) [8,11,21]. Other approaches, including support vector machines (SVMs),
random forests (RFs), boosting, self-organizing maps (SOMs), and fuzzy logic, have been
compared to NNs in various studies [19,20]. Generally, the selection of any particular ML
model would depend on its predictive power, its interpretability, and, to some extent, also
the complexity of the data to be processed. Relevant studies to ML analysis of open-pit
mining MWD data is presented in Table 1.
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Table 1. Summary of ML applications on MWD data for open-pit mining rock characterization.

Approach Application Model * Commodity Holes Target Comment ** References

Supervised

Classification

HOP Coal 35 Rock Type Input of full-waveform sonic velocity [22]

LB Iron Ore 28 Rock Type 2D analysis; drill data averaged per hole [20]

FIS Iron Ore 28 Rock Type 2D analysis; drill data averaged per hole [20]

GP
Iron Ore 31 Rock Type Labels exclusive of 1 m from contact [8]
Iron Ore N/A Rock Type BIF and shale in Brockman Formation [11]
Iron Ore N/A Rock Type CWT preprocessing of MWD data [8]

LoR Marble 204 Grade 6 classes of marble quality tested [23]

NN

Coal 17 Rock Type Backpropagation [16]
Iron Ore 33 Rock Type Feedforward and Backpropagation [12]
Iron Ore 28 Rock Type 2D analysis; drill data averaged per hole [20]

Coal 35 Rock Type ANN compares thresholding of SEM [18]
RF Marble 204 Grade 6 classes of marble quality tested [23]

Regression
GP

Iron Ore 7000 Grade
Iron percentage, Phosphorous, Sulphur,

Aluminum Oxide, Silicon Dioxide
[24]RF

SVM

Unsupervised

Feature
Importance PCA

Coal 17 Rock Type Used as validation of 3 input features [16]
Iron Ore 33 Rock Type To investigate specific fracture energy [12]
Iron ore 302 Rock Type Used for individual index calculation [25]

Change
Detection PCA Marble 4 Rock Type Intrusion detection of marble [26]

Clustering

AS Coal 35 Rock Type Seam roof detection to cease drilling [27]
KMC Coal 17 Rock Type 4 class clusters identified [16]

GP
Iron Ore 138 Rock Type 2D analysis; drill data averaged per hole [21]
Iron Ore 14,340 Grade Gaussian kernel [28]

HMM Marble 3 Rock Type Sudden material type transition [29]
NN Iron Ore 33 Rock Type Simple competitive learning [12]

SOM
Coal 17 Rock Type 3, 4 and 5 class maps for rock types [16]

Iron Ore 33 Rock Type 3 class maps for 3 major rock types [12]
SVM Iron Ore 14,340 Grade 2D analysis; drill data averaged per hole [28]

* HOP: higher order polynomial, LB: LogitBoost, FIS: fuzzy inference system, GP: Gaussian process, LoR: logistic
regression, NN: neural network, RF: random forest, SVM: support vector machines, PCA: principal component
analysis, AS: adaptive sampling, KMC: K-means clustering, HMM: hidden Markov model and SOM: self-
organizing maps. ** BIF: banded iron formation and CWT: continuous wavelet transformation.

For example, while linear models or simple decision trees may not have the same
predictive power as multilayer perceptrons or support vector machines, it may be easier to
interpret the results generated by these models. Likewise, deep learning models, such as
convolutional neural networks or vision transformers may be better able to analyse more
complex signals and images than traditional multilayer perceptrons or random forests and
can also be coupled with explanatory models, where required. Further investigations of
these trade-offs could yield significant advances in the field.

3. Development of Machine Learning Models from MWD Data

The development of machine learning models comprises multiple discrete stages,
depicted in Figure 3. The process begins with data in its unrefined state, a phase commonly
known as data preprocessing (Figure 3A). Here, the focus is on improving the consistency
and integrity of the data. In the case of sequential data, such as time-series data, it is often
necessary to adjust or eliminate identifiable patterns and trends. Furthermore, to provide a
cohesive basis for the following stages, any discrepancies resulting from different intervals
of data recording are reconciled.

Feature engineering is the segment that follows preprocessing. In this phase, data
is transformed into a form that computer algorithms can easily understand (Figure 3B).
When confronted with complex data types, such as images or sound signals, it is necessary
to perform transformations to convert them into a structured format. Depending on the
ML model, a crucial aspect of this stage could entail reducing redundancy by replacing
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groups of interconnected variables with a more succinct set that encompasses most of
the initial information. After suitably structuring the data, it is segregated into distinct
subsets known as training, validation, and test datasets (Figure 3C). The training data
functions as the fundamental dataset upon which the model is initially constructed. The
utilisation of a validation set facilitates the process of refining the model, whilst the test
set is specifically put aside to act as a benchmark for assessing the model’s performance in
real-world situations.
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Figure 3. A general methodology for the building of ML models for the interpretation of data,
including data preprocessing (A), feature engineering (B), structuring of training, validation and test
sets (C) model validation (D), model optimisation (E), construction of a complementary explanatory
model (F) validation of new data (G) prior to implementation of the model.

After data partitioning, the focus shifts to the training of the model itself (Figure 3D).
There is a wide array of models available for this purpose, encompassing neural networks,
decision trees, and support vector machines. The selection of a model is primarily con-
tingent upon the characteristics of the data and the goals of the research. If the proposed
model’s performance is not acceptable, then the model’s hyperparameters can be tuned
(Figure 3E), then trained, validated, and tested (Figure 3C) before acceptable predictions
can be made. In situations where it is necessary to explain the reasoning behind a model’s
decisions, particularly in diagnostic contexts, an additional explanatory model can be
developed (Figure 3F). Nevertheless, if the decisions made by the primary model possess
intrinsic transparency, this step may be deemed unnecessary.

Ultimately, when novel datasets are introduced, they undergo identical preliminary
phases of preprocessing and feature engineering as the initial training data (Figure 3G). An
essential component of this phase involves determining the statistical similarity between the
newly acquired data and the first training dataset, although this is not necessarily always
done in practice. Several analytical techniques, such as principal component analysis
and t-stochastic neighbour approaches, offer valuable insights into this congruence. If
a noticeable discrepancy exists between the datasets, it may be necessary to recalibrate
the model.

4. Practical Applications
4.1. Geology Recognition from MWD

This part pertains to the utilization of ML techniques on MWD data to understand
the intricate relationships between drilling metrics and forecast subsurface geological
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conditions before commencing mining operations. For example, a banded iron formation
(BIF) deposit might have classification zones of shale and BIF. These broad categorization
of geological zones from MWD data are useful for identifying the contacts between highly
contrasting material types to update a deposit-scale model and increase its accuracy within
localized areas [8]. This increased accuracy leads to improved blasting outcomes, in terms
of achieving fragmentation around geological boundaries. However, these nongranular
assortments do not necessarily provide resolution within each lithological unit that are
required to optimize mining operations downstream of the drill and blast process, including
excavation, haulage, and beneficiation.

First, an overview of the various types of geological deposits in which MWD data
have been used to identify geology in open-pit mining operations is presented. The next
section critically reviews the types of analysis performed by researchers to understand
which MWD metrics are important to describe changing subsurface conditions from a data
science perspective, including lithology, density, rock strength, and weathering or fracture
intensity. Several authors have used principal component analysis (PCA) to interpret
feature importance [12,16,25]. However, it is worth noting that PCA is generally not an
effective approach for rating the significance of input variables. The final section details the
application of ML to categorize rock types from MWD data. The classification methods
employed by previous studies can be improved upon gaining a granular comprehension of
the changing subsurface geological conditions.

4.1.1. Mined Commodities

Most researchers delineating lithologies from MWD data in open-pit mining have
focused on sedimentary commodities, predominantly iron ore and coal. In these deposits, the
resource geology has been reasonably defined by exploration drilling at hole spacings of 50 m
grids in iron ore and 100–200 m grids in coal. The use of MWD data attempts to add local
accuracies in between the exploration drillholes through blast holes located at approximately
5 m burden and spacing. Most of the research to recognize subsurface geology from drilling
metrics has taken place in Canada [7,12,16] and Australia [8,11,18,20–22,27]. These countries
have had strong research collaboration between the mining industry and universities.

The initial findings to link six open-pit blast hole drilling responses with the subsurface
geology via the use of downhole geophysical responses was the basis for later work [7].
Nearly 20 years later, postgraduate research applied NN for open-pit geological classifica-
tion from MWD datasets in coal and iron ore mining blast holes [12,16]. Since these earlier
Canadian-based studies, research on open-pit classification of geology has been entirely
within Australian coal and iron ore deposits. The research in coal geology recognition
aimed to accurately predict coal roof locations to prevent blast damage in open-pit mining
with several reports presenting the results of various ML classification methods on the same
MWD dataset from 35 blast holes in the Australian Hunter Valley coal region [18,22,27].
A few years later, coal seams in six gas wells were identified with 96% accuracy from the
Surat Basin using five categorization algorithms [19]. In the iron ore industry, various
classification methods were used on datasets of 28 holes and approximately 120 holes
were utilized [20,21]. Both studies successfully distinguished BIF rock from shale in the
Pilbara region to improve fragmentation by tailoring explosive loading for each rock unit.
Nearly a decade later, multiple findings from the University of Sydney presented successful
classification of BIF and shale units from a significantly larger dataset of several thousand
blast holes [8,11].

While the majority of rock type recognition has occurred in open-pit mining in Canada
and Australia, examples from civil engineering, tunnelling, oil and gas, and other mining
industries have also been investigated. MWD data were used to distinguish geological
zones in an urban construction project from Hong Kong. In the tunnelling industry, MWD
data were also used to predict geology ahead of blasting in the Norwegian Loren, Swedish
Stockholm Bypass, and the Chinese Jiuding Shan projects [30–32]. The use of MWD data
within the oil and gas sector has demonstrated their efficacy in the classification of lithology
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within narrow targets [33–36]. This classification aids to attain precise directional drilling,
hence optimizing the selection of well locations. In the underground coal mining industry,
linear correlation and ML algorithms were applied to MWD data from roof support drills
to determine geological zones and adjust locations and spacings of rock bolts and cable
bolts to improve ground support [37–40]. In the open-pit quarry industry, successful use
of MWD metrics to observe sill and marble boundaries was reported in four blast holes
and altered explosive loading practices to achieve optimal fragmentation, which prevented
unnecessary rock breaking off boulders from under-blasting [29]. More recently, six classes
of marble qualities were predicted using Logistical Regression and RF [23]. All the above
examples establish the wider applicability of determining geology from MWD data outside
of open-pit mining of sedimentary deposits.

4.1.2. MWD Metrics

MWD metrics (rop, tor, fob, wob, rpm, etc.) have shown varying levels of feature
importance when correlated with subsurface geological conditions [41]. Feature importance
refers to methods that calculate a score for each of the MWD metrics in a particular model.
The resulting scores represent the contribution of each feature in the prediction of the
target variable.

A high score indicates that the characteristic will have a greater influence on the model
used to forecast a particular subsurface geological variable. Initial manual attempts to
interpret the feature importance of open-pit mining MWD variables with wireline gamma
responses identified local minimum and maximum variations; the changes in rop, tor,
wob, and SED parameters were associated with different lithological factors [7]. They also
reported that rpm did not significantly correlate with any rock type, due to being controlled
by the operator at a relatively constant rate. However, these univariate experiments each
focused on an isolated, individual drilling parameter. Indeed, all other drilling metrics were
required to be maintained near constant in these studies, which is unrealistic for common
production blast hole drilling. An example of a surface blast hole drill rig is presented in
Figure 4 (left), together with the typical MWD variables collected (Figure 4, right).
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Early attempts to manually interpret the feature importance for each MWD input met-
ric on rock type recognition models have given way to more advanced analytical methods,
primarily principal component analysis (PCA). PCA aims to show patterns in multivariate
data by reducing the dimensionality of these datasets and creating new variables, called
principal components [42]. The principal components are a set of orthogonal vectors that
are linear combinations of the input variables and best describe which of these inputs
represent the most variation to the data. The rop and tor were identified as the MWD
metrics that were most closely linked with subsurface geological conditions, while rpm
was the least significant [12,16]. Both researchers identified feature importance by using the
loading plots that detailed the most variation (the first and second principal components),
although this may not necessarily account for most of the variation in the target variable.
PCA has also been applied to determine coal vs. non-coal rock types by including gamma
response and hole diameter as inputs along with the MWD metrics of rop, wob, and tor [19].
This work also applied a fit-for-purpose feature importance algorithm based on random
forests and determined that the rate of penetration was the single most important MWD
metric to classify coal vs. non-coal rock types in the investigated holes. The wob, tor, and
rpm were presented as relatively insignificant compared to rop [19].

Several studies introduced derived drilling metrics calculated from the collected MWD
variables to determine if derived features were more important than the raw drilling metrics.
Modulated specific energy (MSE) takes advantage of the variations in the ratio of tor to wob
to identify rock type in coal blast holes [18]. SEM is calculated by modifying the specific
energy of drilling (SED) with a rotational work fraction, which is determined by dividing
the tor by the sum of the tor and the wob. They reported SEM as an important feature from
the drilling metrics to detect boundaries of multiple coal seams amongst predominantly
sandstone units. A second novel drilling parameter called adjusted penetrate rate (APR)
was developed to account for variations between drilling operators in manually operated
rigs as well as between manual and autonomous drilling rigs in iron ore blast holes [21].
APR is calculated by dividing the rop by the product of the wob the square root of tor.
Their finding reported APR was a more important feature than SED for the categorization
of iron ore rock types of BIF waste, mineralized BIF and shale. rule-based labelling of
geology from multiple drilling metrics outperformed the univariate APR method of rock
type recognition [8]. However, not all variables are consistently collected in open-pit iron
ore production drilling conditions due to sensor faults or breakdowns [8]. As a result, the
missing data have resulted in up to 90% of blast hole observations not being able to be used
for APR and SED.

Determination of feature importance reveals which variables are essential to collect
for accurate prediction of rock type. Conversely, feature importance should identify which
features may be discarded during selection of variables to include for subsequent analysis
using ML algorithms. As mentioned previously, the use of PCA on MWD data for the
selection of features with the highest variation as the most important predictors may not
be effective. In contrast, developments in interpretable and explainable AI have opened
significantly more advanced approaches for this purpose. This could include Shapley value
regression, permutation analysis, interpretation of model structures, kernel SHAP, LIME,
etc., and in the case of deep learning models, also even direct interpretation of image or
signal data, where applicable [43–45].

4.1.3. Machine Learning Classification

Classification of geology using ML methods on open-pit blast hole MWD data has
been demonstrated on mostly small datasets of a few dozen holes. Feature engineering
has consistently been applied to clean noisy MWD data, including filtering, smoothing,
normalizing, and removing outliers to prepare the raw data for ML analysis. Although a
range of different ML models have been used, multilayer perceptrons and Gaussian process
regression have featured prominently in recent studies, as discussed in Section 2.
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NN algorithms have demonstrated the probability of geological recognition in both
iron ore and coal deposits. The classification accuracy for five rock types reached 95% using
back propagation neural network (BPNN) algorithms on 17 blast holes from a Canadian
coal mine [16]. The classification accuracy for three rock types in an iron ore deposit
averaged 57% based on 33 blast holes in the United States [12]. One study used NN as an
assessment tool to determine if the SEM metric was superior to APR to identify lithologies,
while another study demonstrated a prediction accuracy of 96% using NN to classify coal
and non-coal rock types [18,19]. A multilayer perceptron NN algorithm classified four BIF
rock types at 78% accuracy [20].

GPs have been exclusively used at the Pilbara BIF iron ore mines to classify geology.
GP clustering of hardness values (approximated by regression modelling of APR) was used
to categorize three types of iron ore units (waste BIF, mineralized ore, and shale) [21]. The
figures presented are two-dimensional, indicating the researchers used an average MWD
value for each hole to classify geology. This two-dimensional method provides a singular
rock type, and thus, a limited perspective for mine planning. In a novel three-dimensional
method, MWD datapoints were labelled with categorized units from downhole gamma
responses [11]. The GP approximations resulted in a thresholding strategy that classified
two BIF units in the Dales Gorge Member in three blast patterns at 87%, 84%, and 81%
accuracy, respectively. GP-derived results were reported as only 62% accurate to classify
two rock types (unmineralized shale and mineralized iron ore) [8]. They attributed this
poor performance to noisy data requiring further data cleaning.

The use of NN and GP algorithms on MWD metrics has been largely successful in
classifying rock types. Several findings reported other ML algorithms, including fuzzy
inference systems (FISs), SVM, random forest (RF), and boosting to compare results with
NNs, but none demonstrated significantly better performance to NNs [19,20]. Despite
ML classification accuracy being greater than 90%, the prediction of a handful of broad
geological categories does not adequately capture subtle differences within each geological
unit. An increased resolution of rock type (including subcategories, such as massive,
fractured, or deformed rock) is required for informed and effective mine planning.

4.2. Rock Mass Properties from MWD

Rock mass quality has been correlated with drilling response data [41]. As with deter-
mining geological zones, the geotechnical properties are categorized rather than predicted
from discrete values using ML analytical techniques. The main rock mass properties under
investigation are rock strength, discontinuities or fractures, and rock mass categorization
scores, such as, rock mass rating (RMR), the geological strength index (GSI), Q-system, and
rock quality designation (RQD) [46–49]. These geotechnical conditions are traditionally
determined by logging and laboratory testing of diamond drill cores from holes that are
spaced hundreds of meters apart without any regular pattern. Rock mass characterization
data collection from exploration drilling is sparse due to the expense of drilling. This
low-resolution data capture requires interpolation and broad geotechnical domaining to
classify a rock mass with significant uncertainty between holes. Surface mine ML applica-
tions on MWD data were generally focused on geotechnical characterization to improve
fragmentation, or rock breakage from blasting [1,6,25,50]. The focus of understanding
rock mass properties from MWD data in underground mining- and tunnelling-based re-
search is to reduce strata failure by adjusting the spacing and locations of ground support
equipment [13,51–59].

First, an overview of the various environments and mined commodities in which
MWD data have been used to identify rock mass properties is presented. Next, the types of
feature importance analysis conducted by researchers to understand which MWD metrics
are useful to describe changing geotechnical conditions, such as strength and fracture state,
are critically reviewed from a data science perspective. Finally, the application of ML in
characterizing rock mass zones from MWD data is surveyed. As with the geology-based
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findings in the previous section, these broad rock mass zone classifications are useful but
do not accurately predict the complex fabric of a rock mass.

4.2.1. Commodities

As discussed in Section 2, there are considerably fewer studies on the ML classification
of MWD data for rock mass characteristics in open-pit mining than for geological types.
However, the use of ML algorithms on MWD data to characterize a rock mass has been
demonstrated in other industries. These include tunnelling [51,53,54] and underground
mining [52,57–60], which employ drilling prior to excavation. Exploration and laboratory-
based activities [61–63] have also correlated rock mass properties with drilling metrics

In a series of classic studies, Schunnesson’ (1990, 1996, 1997, 1998) drill monitoring
was used in underground Scandinavian iron ore and copper mines to distinguish changing
conditions in each investigated rock mass [57–60]. More than two decades later, potential
blasting issues in the underground Swedish Malmberget iron ore mine were predicted by
assessing trends in MWD data [52]. In the tunnelling space, rock mass classification zones,
including RMR and rock mass quality, were predicted from intelligent MWD data analysis
to improve ground support patterns [51,53,54].

Exploration drilling, and laboratory experiments also support the use of ML methods
to predict geotechnical properties from drilling metrics. Rock strength could be predicted
from an exploration drill rig’s MWD data in the seven holes of diamond core in Turkey [61].
In laboratory experiments involving drilling through prepared samples, it was demon-
strated that rock properties, including density, porosity, P-wave velocity, Schmidt hardness,
UCS, tensile strength, and elasticity modulus, could be successfully predicted from acous-
tics produced during the drilling of laboratory samples [62]. On the other hand, in the
tunnelling space, simulated fractures were detected in the rock mass from MWD data trends
during the excavation of a 20 m wide tunnel [53]. More recently, several Chinese tunnel
excavations have used regression- and classification-based methods to determine rock
properties from MWD data. NNs were used to predict rock strength values, including UCS,
elasticity modulus, and Poisson’s ratio, from MWD data [64]. In terms of a classification
approach, a bi-directional long short-term memory NN was used to predict trimodal rock
mass classes [65].

However, few studies have attempted to characterize rock mass conditions from MWD
data in the open-pit mining environment utilizing thresholding or simple correlation. It
was observed that high and low rop correlated with weak and strong rock strength zones in
1267 blast holes from the Aitik copper mine in Sweden [66]. To determine fracture locations
from MWD data, downhole geophysical televiewer logs were interpreted to correlate
fracture locations in eight blast holes from the Canadian Highland Valley copper mine [50].
Also using televiewer logs to calibrate their findings, two novel rock description indexes
were developed based exclusively on MWD data from 302 production blast holes at the
Erzberg mine [25]. These systems categorized rock mass zones for structural condition and
strength properties and were corroborated by highwall mapping via photogrammetrically
generated models. However, no studies were identified that used ML analytical methods
on MWD data to characterize subsurface geotechnical properties in open-pit operations.

4.2.2. Feature Importance

As with the determination of geological zones from MWD data, research has attempted
to identify the feature importance that each MWD metric has in predicting subsurface
geotechnical conditions. Determination of feature importance using advanced analytical
methods has almost entirely taken place within underground mining and tunnelling
operations [51,52,57]. Multiple studies have utilized manual correlation in open-pit mining
to identify feature importance for drillability or blastability. These are outside the scope of
this review due to their focus on other aspects that are not directly related to subsurface
geotechnical conditions [1,6,14,55,66–68] (Ghosh et al., 2014; Khorzoughi, 2011; Liu and
Yin, 2001; Manzoor et al., 2019; Navarro et al., 2018; Scoble and Peck 1987; Segui and
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Higgins, 2001). PCA has only been used on open-pit mining MWD data to determine
feature importance for a novel MWD-based rock mass classification system (drilling rock
factor—DRF) [25].

PCA has been used to determine the feature importance of MWD metrics for geotech-
nical properties in underground mining and tunnelling projects. Specifically, the features
ranking highly on the first principal component have generally been interpreted to be the
most important. As discussed, the variables with the most variation are not necessarily the
most important (Section 4.1). Schunnesson determined that the rop was most important
from PCA loading plots showing rop as low in higher rock strength zones and, conversely,
the rop was observed to be higher in weaker rock strength zones [57]. A later study focusing
on the link between rock mass conditions and chargeability issues in underground blast
holes employed PCA to identify ropS, torS, rop, and tor highly in terms of the first principal
component, accounting for 62% of data variability [52]. Using a combination of PCA and
ordered weighted average (OWA), Galende-Hernández et al. determined the top three
features to select for predictive analysis were wob, damper pressure, and tor [51]. The
inconsistent feature importance results between these two findings may be attributed to
discrepancies with data collection, data cleaning equipment, or geological settings. It is
also likely that the results do not support one another because PCA is not a statistically
appropriate method for feature selection.

PCA has also been used on an open-pit mining MWD dataset from 286 blast holes at
the Erzberg Mine in central Europe to interpret the feature importance of drilling metrics for
input to their DRF [25]. The DRF rock mass classification system is composed of a structural
factor and strength-grade factors. The structural factor consists of huge, fractured, and
extensively fractured zones, while the strength-grade factor has soft-waste, hard-waste,
transition zone, and hard-ore categories. Navarro et al. reported that the metrics rop,
ropS, and torS ranked highly on PC1, the first principal component, for the structural
factor evaluation, while tor dominated the positive side of PC2, the second principal
component [25]. The first two main components of the structural factor explain a combined
66.02% of the entire variation, with PC1 contributing 47.47% and PC2 contributing 18.55%.
In contrast, for the strength-grade factor, rop and wob dominated the positive sides of
PC1 and PC2, respectively. The results of the study demonstrate that the strength-grade
PC1 outcomes can differentiate between two distinct regions characterized by varying rock
strength. Specifically, the schisted sandstone exhibits a uniaxial compressive strength (UCS)
value of 30 MPa, while the limestone displays a UCS value of 125 MPa [25]. These results
correlate well with digital photogrammetry reconstructions of the pit walls after blasting
and excavation [25]. However, the DRF results are heavily dependent on calibration with
manually interpreted televiewer logs. In addition, since the rock factor zones are also
based on the local iron ore geology of the Erzberg Mine, adapting DRF to different mineral
deposits would require intensive re-calibration. A deposit-agnostic approach without
manual calibration would be more readily adopted to determine geotechnical properties
from open-pit mining MWD data.

4.2.3. Machine Learning Classification

Classification of rock mass properties using ML methods on open-pit blast hole MWD
data has not been demonstrated, despite an exhaustive search. It was discovered that while
many reports claim to characterize rock mass conditions using ML on MWD data, what
was reported was often rock type, with an assumption of strong vs. weak UCS values for
contrasting rock types. The results of these are discussed in Section 4. No studies were
found that attempted to predict geotechnical properties using ML methods in the open-pit
mining, underground mining, or construction industries.

4.3. Geochemical Properties from MWD

Very few studies attempt to predict geochemical properties from MWD data [24,25,57].
Commonly reported geochemical properties of ore included aluminium oxide (Al2O3),
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calcium oxide (CaO), iron (Fe), total loss of ignition (LOI), magnesium oxide (MgO),
manganese (Mn), phosphorus (P), sulfur (S), silica oxide (SiO2), and titanium oxide (TiO2).
All findings reporting geochemical properties from mining MWD data were located within
an iron ore deposit and listed grade or iron ore percentage.

Fe was reported as the only ore quality investigated [25,57]. Partial least squares (PLS)
analysis was applied on MWD data from an underground mine and closely predicted iron
content against assays of drill cuttings in areas of high and low phosphorus geology [57].
The ore grade prediction of Navarro et al. was split into two simple categories of (1) waste
consisting of less than 20% iron and (2) ore consisting of greater than 20% iron [25]. These
waste and ore class results appear equivalent to the DRF results. However, there is no
explicit mention of the ore grade prediction accuracy, which suggests it is probable that no
validation of results was conducted against laboratory assays.

Only one study reported the use of ML classification for geochemical properties from
MWD and drill cutting assay data from two Australian iron ore mines [24]. Unlike previous
studies that only reported the investigated ore properties were Al2O3, CaO, Fe, LOI, MgO,
Mn, P, S, SiO2, and TiO2. Fe was predicted with acceptable R2 values of 0.79, 0.79, and
0.78 in the first mine and 0.64, 0.64, and 0.63 in the second mine for the GP, SVM, and
RF algorithms, respectively. The datasets were combined to predict P and S. Acceptable
R2 values for P were 0.79, 0.78, and 0.81, and S were 0.91, 0.90, and 0.92 for the GP, SVM,
and RF algorithms, respectively. The report also identified that several of the geochemical
properties correlated with each other. Based on this, cross-assay predictive models showed
improved results for the remaining ore properties. For example, the R2 value for Al2O3 of
0.65 on MWD data alone in an RF model was improved to 0.90 and 0.85 when adding the
cross-assay results for Fe and SiO2, respectively. The primary benefit of this result is that if
one assay can be directly measured with a sensor or strongly predicted from a model, these
measurements can be utilized to enhance estimates for other geochemical properties.

5. Discussion
5.1. Current Challenges

This summary makes it clear that the motivation behind these findings is to circumvent
the limitations of conventional subsurface characterization prior to excavation. NNs and
GPs are the two primary categories of ML algorithms utilized with MWD data for rock
categorization. While some artificial intelligence algorithms have been applied to the
same datasets, different ML architectures produced different outcomes [18,22,27]. Thus,
no model has been proposed as optimal for characterizing geological, geotechnical, and
geochemical features from MWD data, as model selection depends on underlying aims,
scientific objectives, and model restrictions. Notably, some ML approaches are more
attractive (NN and RF) than others (GP) due to their computational efficiency [19]. In
addition to there being no accepted, optimal ML modelling algorithm to characterize
subsurface conditions from MWD data, there is no uniformly consistent approach to MWD
data collection and processing.

There are still some challenges in data collection and processing that must be overcome.
First, most of the investigated projects featured limited amounts of data from blast holes,
making it difficult to extensively analyse and interpret the subsurface. Second, the quality
of the output is dependent not just on the model but also on the condition of the gathered
data. Quality assurance and quality control processes are not commonplace with open-pit
MWD data acquisition. During the development of predictive models, the robustness
of the model may be affected due to the existence of missing values or outliers within
the dataset. In addition, the feature importance among MWD variables may also affect
the modelling robustness. Existing studies [16,25,52] disagree as to which metrics should
be utilized to characterize rock properties under different environmental situations, as
they vary based on deposit-specific conditions. To identify the feature importance of
drilling variables, PCA has been used to choose input variables from the MWD data. A
statistically suitable strategy for determining feature relevance should enhance feature
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selection to improve computational precision and speed. In conclusion, the subsurface
characterization applications of ML techniques applied to MWD data are in an escalating
stage of development.

In summary, the relative frequencies of machine learning methods used in the analysis
of MWD data reported are shown in Figure 5. The analysis is based on a keyword search
of the Scopus database. Interestingly, convolutional neural networks (tied with SVM at
16%) are comparatively high up the list, despite being a relative new approach focused on
image analysis.
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Even though non-traditional approaches to comprehend mining subsurface condi-

tions require further development, they are gaining popularity. ML methods can be uti-
lized as a supplement to conventional theory [8,25]. They have the potential to extract 
insights about a vast array of spatial data, which can then be narrowed down to investi-
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To interpret subsurface properties using MWD data, supervised [8,18,22,25] and un-
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ume of unlabelled data. In the context of both supervised and unsupervised learning ap-
plications, it is essential to employ suitable data preprocessing approaches. These tech-
niques encompass the removal of noise, outliers, and false attributes. This necessity arises 
from the considerable geographic variability observed in measurements while consider-
ing the data related to MWD and subsurface conditions [70]. 

Existing techniques of MWD data processing and analysis rely heavily on manual 
interpretation, such as determining the most critical rock-property-dependent metrics 
[31]. Consequently, it is difficult to repeatedly process data from new sources and places. 
A pertinent aim of applied research is therefore to design an automated workflow in 
which ML methods and available input data, connected with specific conditions, can cor-
relate, process, and select drilling variables for subsequent estimation of rock properties. 
In the interim, the gathering of a training dataset during algorithm execution could facil-
itate data collecting for future applications operating under comparable conditions. 

The implementation of ML techniques is dependent on the training data set accu-
rately representing the connection between the input datasets, MWD, and subsurface 
properties, respectively. It is crucial to select attributes for the training set that accurately 

Figure 5. Relative frequency of machine learning methods reported in the in the analysis of
MWD data in the Scopus database (GP—Gaussian processes, SVM—support vector machines,
CNN—convolutional neural networks, FUZ—fuzzy systems, PCA—principal component analysis,
MLP—multilayer perceptron, LOG—logistic regression, BAY—Bayes modelling, RF—random forest).

5.2. Future Developments

Even though non-traditional approaches to comprehend mining subsurface conditions
require further development, they are gaining popularity. ML methods can be utilized
as a supplement to conventional theory [8,25]. They have the potential to extract insights
about a vast array of spatial data, which can then be narrowed down to investigate areas
of interest in greater detail. However, despite the widespread use of ML classification
algorithms for categorizing geology in MWD data, ML analytical methods have seldom
been applied. A common assumption has been that it is far more crucial to understand the
boundaries between dissimilar rock types than the variation within each rock type [11,18,25].
As a result, the categorization of ‘strong’ and ‘weak’ rock types, such as BIF and shale,
respectively, has dominated projects by investigating univariate relationships, mainly rop
and tor [69]. In contrast, existing multivariate ML regression algorithms have significant
prospects for solving the complicated challenge of variance within each rock type.

To interpret subsurface properties using MWD data, supervised [8,18,22,25] and un-
supervised learning [12,16] techniques have been implemented. Supervised learning can
use all available information to make predictions and classifications, while unsupervised
learning may identify potential relationships and extract features from a substantial volume
of unlabelled data. In the context of both supervised and unsupervised learning applica-
tions, it is essential to employ suitable data preprocessing approaches. These techniques
encompass the removal of noise, outliers, and false attributes. This necessity arises from
the considerable geographic variability observed in measurements while considering the
data related to MWD and subsurface conditions [70].

Existing techniques of MWD data processing and analysis rely heavily on manual
interpretation, such as determining the most critical rock-property-dependent metrics [31].
Consequently, it is difficult to repeatedly process data from new sources and places. A
pertinent aim of applied research is therefore to design an automated workflow in which
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ML methods and available input data, connected with specific conditions, can correlate,
process, and select drilling variables for subsequent estimation of rock properties. In the
interim, the gathering of a training dataset during algorithm execution could facilitate data
collecting for future applications operating under comparable conditions.

The implementation of ML techniques is dependent on the training data set accurately
representing the connection between the input datasets, MWD, and subsurface properties,
respectively. It is crucial to select attributes for the training set that accurately represent the
population. As a result, ML training progress is impeded by the challenges of overfitting,
extended training time, and a notable inclination to become trapped in local minima [12]. As
demonstrated in the tunnelling sector, these obstacles may be overcome with optimization
algorithms, including genetic algorithms, particle swarm optimization and imperialist
competition algorithms [54]. Due to their ability to rapidly analyse massive and complex
MWD datasets, ML methods provide an effective solution to provide accurate and relevant
predictions of subsurface properties in open cut mining operations.

Interpretation of MWD features can benefit considerably from recent advances in
explainable artificial intelligence, as discussed among other by Saranya and Subshini [71]
and Lundberg and Lee [72]. Moreover, although having emerged only recently, deep
learning models have significant potential in the analysis and interpretation of measure-
while-drilling (MWD) data in hard-rock mining [73,74]. These models are particularly well
suited to deal with complex data, such as associated with panoramic borehole imaging, for
example [73,75,76], or vibrational data [77]. In addition, they could also better support the
processing of MWD metrics when considered as time series data [78].

6. Conclusions

The mining industry is increasingly using methods of artificial intelligence to over-
come the uncertainty associated with data on geological objects. ML algorithms have been
applied on mining MWD datasets to understand pre-excavation subsurface conditions. Nu-
merous studies have been conducted on the collection, processing, analysis, and application
of MWD variables for the characterization of rock type, rock mass, and ore properties.

From this review of the literature, the following conclusions can be made:

• The most commonly measured MWD variables measured together with the depth of
drilling in open-pit mines are rate of penetration (rop), torque or rotational pressure
(tor), bit air pressure (bap), weight on bit (wob), and rotary speed or revolutions per
minute (rpm).

• Several studies have analysed the relative importance of each of these variables related
to the identification of rock types and characteristics with mixed results. This is an
emerging area that can benefit from recent significant advances in machine learning,
where models are interpreted or explained. This would particularly be the case where
other MWD variables, such as image, vibrational or acoustic signals are included
in models.

• In most studies, ML models could successfully categorize geological zones or rock
types from MWD data, but further work is required to capture more subtle differences
within geological units.

• Classification of discrete rock mass properties, including rock strength and fracture
count, using ML methods on open-pit blast hole MWD data does not appear to have
been demonstrated yet. Instead, rock type is typically identified as a proxy for rock
strength based on assumptions associated with each type.

• Only one study considered the prediction of geochemical properties using ML clas-
sification on MWD and drill cutting assay datasets. ML analytical methods applied
to MWD data resulting in discrete values for geotechnical, geological, and geochemi-
cal will enable a low-cost, high-resolution comprehension of subsurface conditions
beyond simple rock type classification.

• Overall, these studies have not yet taken full advantage of recent developments in
deep learning and, as more data are collected, these ML approaches are likely to play
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a more important role in MWD data analysis for enhanced comprehension of geology,
rock mass characteristics, and ore attributes for enhanced sustainability, efficiency, and
safety of mining operations.
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Abstract: This study presents an application of Boruta-SHapley Additive ExPlanations
(Boruta-SHAP) for geotechnical characterization using Measure-While-Drilling (MWD) data,
enabling a more interpretable and statistically rigorous assessment of feature importance.
Measure-While-Drilling data collected at the scale of an open-pit mine was used to charac-
terize geotechnical properties using regression-based machine learning models. In contrast
to previous studies using MWD data to recognize rock type using Principal Component
Analysis (PCA), which only identifies the directions of maximum variance, the Boruta-SHAP
method quantifies the individual contribution of each Measure-While-Drilling variable.
This method ensures interpretable and reliable geotechnical characterization as well as ro-
bust feature selection by comparing predictors against randomized ‘shadow’ features. The
Boruta-SHAP analysis revealed that bit air pressure and torque-to-penetration ratio were the
most significant predictors of rock strength, contradicting previous assumptions that rate
of penetration was the dominant factor. Moreover, feature importance was conducted for
fracture frequency and Geological Strength Index (GSI), a rock mass classification system.
A comparative analysis of prediction performance was also performed using a range of
different machine learning algorithms that resulted in strong coefficient of determinations
of actual field or laboratory results versus predicted values. The results are plausible,
confirming that MWD data could provide a high-resolution description of geotechnical con-
ditions prior to mining, leading to a more confident prediction of subsurface geotechnical
properties. Therefore, the fragmentation from blasting as well as downstream operational
phases, such as digging, hauling, and crushing, could be improved effectively.

Keywords: measure-while-drilling (MWD) geotechnical characterization; Boruta-SHAP
feature importance; rock mass prediction; machine learning in mining; subsurface
geotechnical modeling

1. Introduction
Geotechnical characterization provides information about the conditions of the rock

mass, such as the type of rock, geomechanical properties, average ore grade, ore boundary,
etc. This data is essential for mine planning, fragmentation optimization, and equipment
selection to achieve efficient mineral extraction. The most used systems include Geo-
logical Strength Index (GSI), Q-System (Q), Rock Mass Rating (RMR) and Rock Quality
Designation (RQD) [1–4]. These rock mass characterization systems describe the mechan-
ical and structural characteristics of the rock through logging diamond drill core and
laboratory testing, respectively [5]. However, determining geotechnical conditions via
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diamond core drilling is costly and destructive to the rock core [6]. In addition, the limited
core samples obtained via diamond drilling do not provide a representative description
of a complex rock mass on the scale of a pit in a surface mine [7,8]. Consequently, an
economic technique with widespread data capture is necessary to characterize geotechnical
conditions in high resolution.

Measure-While-Drilling (MWD) is a well-known drill monitoring technology that
originated in the petroleum industry and was adopted in the 1970s for open pit mining
blast hole drilling systems [9]. This technique involves equipping a blast hole drill rig with
MWD sensors that collect drilling data that can be used to assess subsurface penetration
performance [10]. Because of the continuous nature of drill and blast cycles for excavation
in open-pit and underground mining, construction and tunnelling environments, enormous
quantities of MWD datapoints are collected from blast rigs [11–13]. More specifically, in
the open pits examined in this paper, a single, productive blast rig at an open-pit iron ore
mine may generate around 10,000 MWD observations per day. Many major iron-ore mines
employ around over a dozen simultaneously operating blast drills, resulting in hundreds
of thousands of drilling response datapoints every day [14].

Due to this sheer volume of data to be analyzed and the complicated, multivari-
ate, as well as nonlinear responses between the drill responses and subsurface composi-
tion, advanced analytical techniques, such as Machine Learning (ML), have been applied
on MWD datasets across multiple excavation industries, including open pit mining, un-
derground mining, and tunnelling [15]. Research on open pit mining applications of
MWD data has generally focused on rock type recognition to improve fragmentation
from blasting [9,14,16–26]. In contrast, few reports have applied analytical methods on
MWD responses to determine changing subsurface geophysical [27] and geochemical
conditions [24,28]. In underground excavations, rock type recognition from MWD data
can assist decision making for placement of ground support equipment to reduce strata
failure in underground metalliferous mining [12,29–34], underground coal mining [35–37]
and tunnelling [22,38–46]. In summary, each industry uses rock type recognition from
MWD data for various purposes.

Nevertheless, the dominant output across all excavation industries using MWD data is
the classification of rock types often using univariate methods, which is useful to delineate
lithological boundaries. These broad classifications of contrasting rock types, such as BIF
and shale, may improve blasting around rock type contacts [25,47,48]. However, general
rock type recognition does not characterize geotechnical conditions in enough detail to
optimize open pit blasting within a particular geological unit. Despite an exhaustive search,
no studies were identified that aimed to investigate the relationship between MWD data
and geotechnical properties, such as rock strength and fracturing, rather than rock type
recognition [15]. Additionally, no studies were found that utilized an appropriate method
to evaluate the feature importance of multivariate MWD features in predictive modelling
of the geotechnical conditions.

A common approach in prior studies has been the use of Principal Component Analy-
sis (PCA) to assess feature importance in MWD datasets [25,29,32]. PCA is a well-established
dimensionality reduction technique that identifies orthogonal principal components ex-
plaining the greatest variance in data [49]. However, PCA is not inherently designed for
feature importance ranking; instead, it highlights directions of maximum variance amongst
all features, some of which may not correspond to the most predictive features for geotech-
nical conditions. This fundamental limitation can lead to misleading interpretations, as
PCA-derived components often mix multiple variables and fail to preserve the individual
explanatory power of each MWD parameter [7].
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Existing methods for geotechnical characterization using MWD data lack a rigorous
feature selection framework. To address this gap, our study employs Boruta-SHapley Addi-
tive ExPlanations (Boruta-SHAP), a game-theoretic approach that quantifies the contribution
of each feature to a model’s predictions that has been used in other mining areas, such
as metallurgy [50,51]. Boruta-SHAP was applied to determine the most influential MWD
parameters for geotechnical property prediction. Previous studies have relied on PCA or
simple correlation metrics, which fail to account for feature interactions and non-linear
dependencies. Boruta-SHAP, on the other hand, provides a mathematically robust measure
of feature importance, ensuring transparency and reliability in model interpretation. By
using this method, we ensure that only statistically significant variables are retained, pro-
viding a principled approach to feature selection that has not been previously applied to
MWD data.

While prior research has identified relationships between MWD parameters and geotech-
nical categorical properties [52], this study goes further by using Boruta-SHAP to quantify fea-
ture contributions and to eliminate spurious correlations. By integrating Boruta-SHAP-based
feature importance analysis with advanced ML models—including Decision Trees (DT),
Support Vector Machines (SVM), Random Forests (RF), Gaussian Process Regression (GP),
and Neural Networks (NN)—this study establishes a high-resolution framework for predict-
ing subsurface geotechnical properties to provide a data-driven, interpretable, and scalable
framework for integrating MWD technology into mine geotechnical workflows, ultimately
enhancing decision-making for excavation and resource management.

2. Methods
The data used in this paper are the same as in Goldstein et al. [28,52,53] which aimed

to predict wireline geophysical measurements, geochemical assay values and geotechnical
categories from the same MWD dataset. For the sake of self-completeness, the site and data
are briefed as below:

2.1. Mine Site Geotechnical Data

The Pilbara region in Western Australia is Australia’s primary supplier of iron-ore,
producing 874 million tons in 2021 [54]. The Marra Mamba Formation and Brockman
Formation of the Hammersley Group were the deposits analyzed in this study, as they are
the greatest sources of economic Pilbara iron ore [55]. Both Formations consist of extensive
sequences of mineralized Banded Iron Formation (BIF) interlayered with shale bands that
were deposited about 2.5 billion years ago [56]. The Marra Mamba Formation is contained
within the Mount Newman Member and is overlain by the shale dominated West Angelas
Member. The Brockman Formation consists of mineralized Dales Gorge BIF and shales.

Two pits were selected for this study, with each pit’s geology representing the Marra
Mamba and Brockman Formations, respectively. Each pit’s geotechnical conditions were
characterized by exploration drilling data. The Brockman Pit (BR) contained 12 diamond
cored holes totaling 1089 m at an average depth of 90 m per hole. The Marra Mamba
Pit (MM) consisted of 14 diamond cored holes totaling 1431 m at an average depth
of 102 m per hole. The exploration data from the BR and MM diamond cored holes con-
sisted of laboratory results for Unconfined Compressive Strength (UCS; measured in MPa)
to approximate rock strength, field observed fracture frequency logs (FPM; measured in
fractures per meter) and several rock mass classification systems scored by the logging
geotechnical engineer, including GSI, Q, RMR and RQD. The exploration dataset has been
scrutinized in the mining company’s Quality Assurance and Quality Control (QA/QC)
process and does not require further data engineering.
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For the present analysis, rock strengths, fracture frequencies and rock mass classifi-
cation system scores were considered. Rock strength (UCS) is measured from laboratory
testing of diamond drilled core samples. Fracture frequency (FPM) is recorded from count-
ing naturally occurring discontinuities of diamond drilled core. Scores from a rock mass
classification system (GSI) operate as an index of the rock’s mechanical and structural
properties. GSI scores were determined from field observations and laboratory test findings
and were the only reported rock mass classification system.

2.2. Mine Site MWD Systems and Data

Twenty-two rotary blast hole rigs equipped with tricone Tungsten Carbide Insert bits
acquired MWD data for this study. Ten Atlas Copco (Epiroc) PV271 rigs, two Terex SKS 12
rigs, one Bucyrus SKS 13 rig, and two Sandvik 460 rigs were employed to drill production
blast holes with a 0.229 m hole diameter (Figure 1a). For 0.165 m wall control blast holes,
one Cubex QXR 920, one Sandvik 560, and five Atlas Copco (Epiroc) D65 drill rigs were
used (Figure 1b). The bench height in the investigated iron-ore pits averaged 10 m, while
the sub drilling was approximately 2 m below the bench floor. The burden and spacing of
the production blast holes averaged 7 m and 8 m, respectively.
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Figure 1. Examples of blasthole drill rigs used for collecting MWD data [52]: (a) Terex SKS 12, utilized
for the drilling of 0.229 m production blast holes and (b) Epiroc D65, used in the creation of 0.165 m
wall control blast holes.

The Measure-While-Drilling system on the drills at the iron-ore mines monitored the
rate of penetration (rop; m/s), the torque or rotary pressure (tor; Nm), the force on bit (fob;
kgf), also known as weight on bit, thrust or pulldown pressure, the bit air pressure, or
flushing air medium (bap; kgf/cm), and the rotary speed (rpm). Due to the instability of
the onboard sensor, less than 25 percent of sample points included rpm. This uneven data
collection led to the elimination of rpm as a drilling parameter in this study. Metrics for
MWD were collected by a combination of rigs operated by onboard workers and semi-
autonomous equipment remotely managed by an off-site Operations Centre. The drilling
system recorded the MWD time-series data at approximately 0.1 m intervals along the
depth of the blast hole.

The MWD data used in this study originated from two pits in different geological
environments: the BR pit’s dataset contained 75,470 blast holes totaling 844,855 m, while
the MM pit’s dataset had 18,887 holes totaling 208,707 m. For this investigation, the MWD
data from 2 m below the hole collars to the bottom of the blast holes were analyzed. The
reason for choosing this depth is that the first two meters of the borehole may not be
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typical of the rock mass characteristics since this region was likely impacted by the toe
charge during blasting of the prior bench and is likely to not be representative of in situ
geotechnical properties. This hole collar filtering resulted in 4486 and 3239 datapoints for
BR and MM, respectively.

2.3. MWD Data Pre-Processing

Due to the heterogenous nature of rock, the drill rig control system, and external
factors affecting MWD responses, production MWD data contains unrealistically high
and poor performance values [57]. As a result, these variables can result in an inaccurate
measurement and an incorrect interpretation of geotechnical properties [58]. Consequently,
the mining MWD dataset examined in this paper contains a high ratio of noise to signal
that is typical of MWD data. Such noise could be the result of sensor anomalies, operational
inconsistency or geomechanical irregularities. To ensure robust analysis, a structured data
preprocessing workflow was applied, addressing noise filtration, feature engineering, and
data validation.

Since these noisy MWD datapoints in this paper have not been thoroughly examined
in any QA/QC process, they require feature engineering in preparation for use in later
experiments. The MWD data was first cleaned by removing the initial 2 m of each blast
drillhole which may not represent the in situ rock mass for two reasons: (1) the effects of
collaring at the beginning of a hole so that the hole remains open, and (2) inclusion of data
points with blast damage from the bottom of the last bench’s holes. Then, all blasthole
data points in which the rop, tor, fob, or bap were negative were eliminated. Next, missing
MWD data points were filled using linear interpolation with the quartile detection method
and a threshold factor of 1.5. To limit the localized influence of noise, the blast hole data
was subsequently smoothed using a Gaussian filter with a smoothing factor of 0.3. While
alternative methods are available, a Gaussian filter was selected as the optimal approach,
balancing noise reduction, computational efficiency, and geological signal retention.

Both the MWD and exploration drill datasets were converted from drillhole interval
formats to point data, consisting of the geospatial coordinates of each data point and the
corresponding values from the relevant dataset. The exploration geotechnical hole point
data was calculated utilizing downhole wireline logged desurvey data that recorded the
azimuth and dip of each hole at every 10 m until the end depth. The blast hole MWD
data were not desurveyed due to the production nature of the holes and the calculation of
point locations assumed of straight holes from the hole collar. The two datasets were then
combined using a K-Nearest Neighbor distance-based search algorithm that determines
the distance between each point. To facilitate supervised ML, each geotechnical drilling
data point was queried and matched with the closest MWD data point. The results were
then filtered to only include points that were within three-dimensional proximity.

2.4. Feature Engineering–MWD Variables

Accurate prediction of geotechnical properties from MWD data requires careful selec-
tion of input variables. While prior studies have primarily relied on raw MWD parameters
(rop, tor, fob, bap) for rock type classification, this study investigates the role of engineered
features, particularly ratio-based and moving standard deviation (MSD) features, in im-
proving predictive performance for UCS, FPM, and GSI. Geotechnical properties such as
rock strength and fracture density are influenced by multi-variable interactions rather than
single metrics. For example, interactions between fob and other MWD variables capture
drill resistance variations across different lithologies.

The MWD values that were derived from the cleaned MWD data are shown in Table 1.
Derived variables included ratios of the four original variables (such as the rate of penetra-
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tion divided by the torque, labelled as roptor) and a moving standard deviation across 0.5 m
for the four original variables (e.g., the moving standard deviation for the rate of penetra-
tion is ropS). Due to the fragility of the onboard sensor, rotary speed (rpm) was unavailable
for the majority of blastholes and hence was not included in the analysis. The Specific
Energy of Drilling (SED) could not be estimated and was also omitted from the analysis
due to the absence of rotary speed [59].

Table 1. Measure-While-Drilling variables investigated in this study.

Type MWD Features

Recorded rop tor fob bap

Ratio
roptor
ropfob
ropbap

torrop
torfob
torbap

fobrop
fobtor
fobbap

baprop
baptor
bapfob

Moving Standard Deviation ropS torS fobS bapS

It is also important to evaluate whether additional engineered MWD features would
strengthen the prediction performance of regression-based ML models. To do this, the
NN method was used to compare the performance of only Measured data with additional
Engineered data (Measured plus ratios and MSD). Engineered features incorporate addi-
tional interactions between drilling parameters (e.g., torque-to-penetration ratios), which
improve the predictive model’s ability to capture non-linear relationships. The measured
features alone do not fully describe rock variability, while engineered features reduce noise
and enhance feature differentiation, improving model accuracy.

A preliminary investigation was conducted using the NN method to determine if
additional engineered MWD features would strengthen the prediction performance of
regression-based ML models. Two feature sets were evaluated, including the Measured
(rop, tor, fob and bap) and Engineered (Measured plus ratios and MSD).

The results of this comparison (Table 2) demonstrate all models performed better with
the Engineered features, increasing R2 by 10–40% and reducing RMSE by up to 40%. The
improvement was particularly notable in MM, where geological heterogeneity made raw
features less effective. The decision was made to incorporate all Measured and Engineered
MWD features in all the investigated predictive ML models.

Table 2. Prediction performance testing results of NN using the four measured MWD features and all
20 investigated MWD features. Higher performing models are bold.

Geotechnical Measurements

BR MM

Measured Engineered Measured Engineered

RMSE R2 RMSE R2 RMSE R2 RMSE R2

Unconfined Compressive Strength (MPa) 14.38 0.86 9.31 0.94 23.56 0.38 13.95 0.78
Fracture Per Meter 2.88 0.82 1.32 0.96 4.98 0.61 2.87 0.87

Geological Strength Index 7.96 0.79 2.56 0.98 6.78 0.43 3.23 0.87

2.5. Feature Importance–Boruta-SHAP

In contrast to the commonplace practice of using PCA on MWD data, this study uti-
lized a deliberate feature importance methodology to establish the relative importance of
each MWD variable on the various geotechnical values. Boruta-SHAP is derived from coop-
erative game theory, where the contribution of each feature is computed as the marginal
contribution across all possible feature subsets [50]. It assigns each feature an importance
score based on Shapley values, which quantify the average contribution of a feature across
all possible combinations of features.
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The Boruta-SHAP framework ensures consistency and local accuracy, making it a ro-
bust method for feature importance analysis. The Kernel-SHAP method was used, as it is
computationally efficient for low-dimensional data, and defined by the objective function as:

argminΦ ∑
S⊆N

w(S)[ f (s)− (Φ0)− (Φ0 + ∑
i∈S

Φi]
2 (1)

where ϕ0 is the baseline SHAP prediction (expected model output with no features), ϕi is
the SHAP value for feature i, f(S) is the model prediction using only subset S, N is the total
number of features and w(S) is the Shapley kernel weight, computed as:

w(S) =
(|N| − 1)(

|N|
|S|

)∣∣∣∣∣S
∣∣∣∣∣(|N| − |S|)

(2)

This weight ensures that smaller feature subsets receive appropriate consideration.
The SHAP value for a feature xi was computed as:

Φi = ∑
S⊆N{i}

|S|!(|N| − |S| − 1)!
|N|! [ f (S ∪ {i} − f (S)] (3)

where f(S∪{i}) is the model prediction after adding feature i [60].
The Boruta-SHAP method was applied to assess the statistical significance of each

feature by generating randomized shadow variables:

Xshadow,i = shu f f le(Xi), ∀i ∈ {1, 2, . . . , d} (4)

where Xi is the original feature, Xshadow,i is the corresponding shadow feature (randomized
version). Shuffling ensures that shadow features have no relationship to the target variable.
The dataset is then augmented to include both original and shadow features [61]:

X′ = [X1, X2, . . . , Xd, Xshadow,1, Xshadow,2, . . . , Xshadow,d] (5)

SHAP values were computed using the shapley function from the MATLAB Statis-
tics (2024) and Machine Learning Toolbox (2024) using default hyperparameters and no
optimization [62].

Unlike PCA, which assumes linear relationships, Boruta-SHAP can handle complex,
nonlinear interactions between drilling parameters and rock properties. Principal Compo-
nent Analysis has been used in previous studies to estimate the importance of Measure-
While-Drilling parameters in geotechnical characterization across various excavation envi-
ronments [25,29,32]. However, such use is incorrect since PCA is not specifically designed
for the purpose of feature importance. Instead, the method identifies the underlying
structure in a high-dimensional dataset and projects it onto a lower-dimensional space.
This dimensionality-reduction technique is accomplished by determining the principal
components, which are linear combinations of the original attributes that capture the most
data variance [7]. However, the most varied features are not necessarily the most important.
PCA is not a statistically adequate strategy for selecting features, and the PCA-based feature
importance conclusions from MWD data do not corroborate one another [15,28,52,53].

2.6. Regression-Based ML Methods

Regression-based ML algorithms, such as DT, SVM, RF, GP, and NN, have been used
in many applications to solve geotechnical engineering problems [63]. Using the most
informative characteristics, decision trees (DT) divide the data into smaller subsets via
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recursion [64]. They can capture nonlinear interactions although may be susceptible to over-
fitting if not pruned properly. SVM attempt to identify the hyperplane that maximally sep-
arates data into classes [65]. Using a kernel method, they are effective for high-dimensional
data and can handle nonlinear relationships. Random forests (RF) are ensembles of de-
cision trees that mix multiple models to improve predictive performance and minimize
overfitting [66]. They can represent nonlinear relationships and are less susceptible to over-
fitting than individual DT. GP models the output variable as a Gaussian distribution and
searches for the function that best matches the data [67]. This method captures nonlin-
ear interactions and delivers a probabilistic output estimate. Finally, NN are a flexible,
nonlinear model composed of layers of interconnected neurons based upon the human
brain [68]. They may capture complex correlations and are excellent for high-dimensional
data. However, if not adequately regularized, they are susceptible to overfitting.

This study compared the predictive performance of the DT, SVM, RF, GP, and
NN algorithms on MWD data for predicting geotechnical conditions. A Pawsey Super-
computer Nimbus cloud Ubuntu instance with 8 vCPUs and 32 GB RAM performed the
computations. The Regression Learner Toolbox in MATLAB was used with default hy-
perparameters and no optimization for each respective regression-based ML method to
generate models and assess prediction performance [69].

A 10-fold cross-validation technique revealed the training dataset’s prediction strength.
Datasets were split into 80% Training and 20% Testing. Testing results reported in Root
Mean Square Error (RMSE) and R2 being the average of the 10 folds during cross validation
were calculated as follows to compare findings:

R2 = 1 − RSS
TSS

= 1 −
(

∑N
i=1(yi − f (xi))

2

∑N
i=1(yi − y)2

)
(6)

MSE =

√
1
N

∗ ∑N
i=1(yi − xi)

2 (7)

where:

R2 = coefficient of determination
RSS = sum of squares of residuals
TSS = total sum of squares
N = the number of samples
yi = the measured value,
xi = the predicted value
y = the mean value.

3. Results
This section presents the SHAP-based feature importance analysis, including the

Boruta-SHAP variable selection process, and the predictive performance of regression-
based machine learning models.

3.1. MWD Exploratory Data Analysis

Initially, a statistical analysis was conducted for the rop, tor, fob and bap MWD vari-
ables collected by sensors on the drill rigs in both BR and MM pits. The rop followed a
right-skewed distribution in both BR and MM (Figures 2a and 3a). The similar skewness in
both formations suggests variable penetration resistance, likely due to bit wear, operator
variability, and changing rock properties along the borehole. tor follows a normal distri-
bution in both the normal distributions, indicating consistent torque requirements, likely
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because torque is automatically regulated based on drilling conditions, resulting in a more
stable response (Figures 2b and 3b).
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Key differences in MWD variables emerged between the BR and MM Formations
in the fob and bap distributions. In the BR Formation, fob (Figure 2c) and bap (Figure 2d)
followed right-skewed distributions, suggesting the presence of harder, banded lithologies
interbedded with softer sediments, requiring variable forces for penetration. In contrast,
the fob and bap (Figures 3c and 3d, respectively), in the MM Formation followed normal
distributions indicating a more homogeneous rock type with less variability in hardness.
The MM Formation, deposited in a more stable sedimentary environment, lacks the exten-
sive structural banding and alternating hardness levels of the BR Formation, leading to a
more consistent force requirement during drilling.

These findings underscore the importance of considering geological context when
analyzing MWD data, as linear statistical assumptions may not capture the complex in-
teractions between rock mass properties and drilling responses. Moreover, univariate
examination of these variables may not describe non-linear relationships between the MWD
responses and the geotechnical outputs.

Partial dependence plots provide a powerful tool for analyzing the relationship be-
tween MWD variables and target geotechnical properties across different deposit types. By
isolating the effect of individual MWD parameters while averaging out other influences, the
plots reveal how variables such as rop, fob, tor and bap contribute to predicting UCS, FPM,
and GSI. This study applies partial dependence to compare these relationships between BR
and MM formations, highlighting formation-specific differences in mechanical resistance,
fracturing behavior, and rock mass quality. Understanding these dependencies improves
the interpretability of MWD-based geotechnical models, supporting formation-specific
feature selection and predictive accuracy.

Partial dependence analysis reveals key UCS differences between BR (Figure 4) and
MM (Figure 5). In BR, UCS is driven by mechanical resistance, with fob and tor as strong
predictors, reflecting higher rock competency. In MM, these relationships are weaker,
suggesting fracturing and mineralogy play a greater role. rop inversely correlates with UCS
in BR, indicating harder rock slows drilling, whereas in MM, rop is a weaker predictor,
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implying structural factors govern penetration speed. bap increases UCS in BR but de-
clines at high values, suggesting flushing inefficiencies, while in MM, bap stabilizes earlier,
indicating faster drilling optimization. These findings highlight formation-specific UCS
controls, with BR dominated by mechanical resistance and MM influenced by additional
geological factors.
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Distinct FPM controls in BR and MM in the partial dependence analysis were observed
(Figures 6 and 7, respectively). In BR, FPM demonstrates a strong inverse correlation with
rop, indicating fractured rock masses enhance penetration, whereas in MM, this relationship
is weaker, suggesting fracturing plays a lesser role. fob and tor are stronger predictors in
BR, implying fractures are more mechanically induced, while in MM, structural factors
likely dominate. The Marra Mamba formation is characterized by a greater presence of pre-
existing structural discontinuities (e.g., bedding planes, joints), which influence rock mass
behavior more than mechanical drilling resistance. In contrast, the Brockman Formation has
more competent, homogeneous rock where mechanical resistance dictates fracture behavior.
Moreover, bap increases FPM in BR but stabilizes in MM, indicating flushing efficiency has
less influence on fracture frequency in MM. These findings highlight formation-specific
differences, with BR fracturing driven by drilling resistance, whereas in MM, geological
discontinuities are more influential.
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Figures 8 and 9 demonstrate the partial dependence analysis on GSI in BR and MM,
respectively. In BR, rop is strongly inversely related to GSI, suggesting higher-quality
rock resists penetration, whereas in MM, this relationship is weaker, indicating structural
factors may play a greater role. fob and tor exhibit stronger positive correlations with GSI in
BR, implying mechanical resistance is a key indicator of rock mass quality, while in MM,
these effects are less pronounced, suggesting GSI is less constrained by drilling force. bap
influences GSI in both formations, but in BR, higher bap is more predictive, likely due to
differences in air flushing dynamics in competent rock. These results suggest MWD-based
GSI predictions require formation-specific adjustments, with BR dominated by mechanical
controls and MM potentially influenced by additional geological factors.
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The Measured MWD variables influence UCS, FPM, and GSI differently in BR and MM.
In BR, UCS and FPM are strongly controlled by mechanical resistance, with fob and tor as
key predictors, while in MM, weaker correlations suggest fracturing and mineralogy play a
greater role. rop inversely correlates with UCS and GSI in BR, indicating higher-quality rock
resists penetration, whereas in MM, this relationship is weaker, implying structural controls
dominate. bap affects UCS and FPM more in BR, while in MM, it stabilizes earlier, suggesting
flushing efficiency is less critical. These results highlight formation-specific controls, with
BR driven by mechanical resistance and MM influenced by broader geological factors.

3.2. Feature Importance

To determine the statistical significance of MWD predictors, a Boruta-SHAP approach
was applied. This involved augmenting the predictor set with shadow variables (randomly
permuted versions of each feature) and then applying SHAP analysis to the expanded
feature set. Negative SHAP values indicate that the corresponding feature reduces the
predicted value of the target variable, while positive SHAP values increase the predicted
outcome. The magnitude of SHAP values reflects the strength of influence on the model’s
prediction.

This section compares the significance of the numerous features employed for the
prediction of rock mass conditions to determine the importance of each MWD parameter to
describe geotechnical properties. The results of the Boruta-SHAP analysis reveal distinct
trends in the influence of MWD variables on UCS, FPM, and GSI for the BR and MM
Formations, including:

i. Ratio-based features (baprop, fobrop, torrop) ranked higher than raw features in UCS
and GSI prediction;
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ii. MSD features (ropS, torS) were critical for FPM, indicating their effectiveness in
detecting fracture-related variability;

iii. bap emerged as the most significant raw feature, reinforcing the role of flushing
pressure in geotechnical characterization.

These results challenge the conventional assumption that rop and tor are the primary
indicators of geotechnical conditions, highlighting the need for multi-variable analysis.

3.2.1. Feature Importance Boruta-SHAP—UCS

The Boruta-SHAP values for UCS prediction in BR (Figure 10) indicate that bap, bapfob,
torbap, and torS are the most influential features, suggesting that UCS in BR is primarily
controlled by pressure-related variables rather than purely force-based parameters. This
challenges the initial assumption that fob and tor would dominate, instead highlighting that
higher bap correlates with increased UCS, implying a pressure-dominated response where
greater air pressure is required to penetrate stronger rock. While rop and fob still contribute,
their role appears secondary to bap-related variables, suggesting that mechanical resistance
remains a factor but is overshadowed by pressure effects.
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Figure 10. Feature importance analysis for Unconfined Compressive Strength in the Brockman
Formation using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates
the mean absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most
influential variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view
of how each parameter affects the model’s output, indicating the relative contribution of key drilling
responses such as torque, bit air pressure, and rate of penetration.

Boruta-SHAP values for BR range from −20 to +50, reflecting high UCS variability
across different sections of the pit, which aligns with the geological complexity of BR,
characterized by interbedded high-strength chert and quartz layers. This high variability
emphasizes the importance of drilling efficiency and airflow management in UCS interpre-
tation from MWD data. The pressure-driven nature of UCS estimation implies that rock
breakage and drill performance are more affected by air pressure regulation than direct
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force application, reinforcing the critical role of pressure-based drilling adjustments in BR
formations.

The Boruta-SHAP analysis for MM UCS (Figure 11) reveals that fobtor, bapfob, fobS,
and rop are the most important variables, indicating a stronger influence of force-based
interactions in MM compared to BR. While bap remains a key factor, MM shows greater
importance of fobtor and fobS, suggesting that UCS in MM is controlled by both applied
forces and pressure effects. Additionally, rop and ropS hold greater significance in MM than
in BR, indicating a higher sensitivity of penetration rate variations to rock strength. This
suggests that UCS in MM is not purely pressure-driven but also strongly influenced by
drilling force and mechanical loading, which reflects the more homogeneous nature of MM
lithologies.
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Figure 11. Feature importance analysis for Unconfined Compressive Strength in the Marra Mamba
Formation using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates
the mean absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most
influential variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view
of how each parameter affects the model’s output, indicating the relative contribution of key drilling
responses such as torque, bit air pressure, and rate of penetration.

The Boruta shadow variables (_sv) confirm these trends, reinforcing the reliability
of the primary predictors. In BR, ropfob_sv, torfob_sv, and bapfob_sv exhibit low SHAP
values, confirming that bap and its interactions are genuine UCS predictors. The lower
significance of force-related shadow variables further supports the dominance of pressure-
based controls in BR UCS estimation. bap_sv, ropfob_sv, and fobtor_sv also exhibit low
influence for MM, reinforcing that while pressure effects remain important, force-based
variables play a more significant role in MM UCS predictions. The weaker impact of
bap_sv in MM compared to BR suggests that UCS in MM is less affected by pressure-driven
variability, instead relying more on mechanical resistance and penetration efficiency.
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3.2.2. Feature Importance Boruta-SHAP—FPM

Unlike PCA-based feature selection, which primarily identifies directions of maximum
variance without necessarily ranking feature importance for predictive modeling, Boruta-
SHAP ensures statistical robustness by comparing real MWD variables against shadow
features. The method’s reliance on Shapley values allows for the quantification of nonlinear
feature interactions, preserving only the most informative variables while eliminating
redundant or weak predictors. This enhances model interpretability, enabling the reliable
identification of key MWD parameters that govern geotechnical conditions, ultimately
supporting more effective decision-making in slope stability assessments.

The Boruta-SHAP analysis of FPM highlights distinct fracture detection mechanisms
between BR and MM, reflecting their fundamentally different geomechanical behaviors.
Figure 12 displays the most influential features in BR are baptor, ropS, torS, and torbap,
indicating that fracture detection is primarily controlled by rotational force and penetration
rate fluctuations. The dominance of torque-based variables (torS, torbap) suggests that
fractures in BR are influenced by rotational resistance, likely due to the deposit’s high rock
competency and existing fracture networks. In MM (Figure 13), ropfob, rop, torfob, and torbap
emerge as the most significant predictors, suggesting that fracturing is driven more by
penetration efficiency and applied force rather than rotational resistance, highlighting a
greater dependence on mechanical loading rather than pre-existing structural controls.
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Figure 12. Feature importance analysis for fracture frequency per meter in the Brockman Formation
using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates the mean
absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most influential
variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view of how each
parameter affects the model’s output, indicating the relative contribution of key drilling responses
such as torque, bit air pressure, and rate of penetration.

Fracture behavior is influenced by the combined effects of multiple drilling variables
rather than individual metrics alone. In the Brockman Formation, torque-related interac-
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tions (e.g., torque-to-penetration ratio) are dominant due to the rock’s competency, where
fractures develop primarily through mechanical resistance. In contrast, in the Marra Mamba
Formation, interactions involving fob and rop play a larger role, as pre-existing structural
discontinuities such as bedding planes and joints govern fracture propagation. These find-
ings emphasize the non-linearity in fracture formation—while individual features provide
some predictive power, their interactions enhance explanatory capability by capturing
localized rock heterogeneity and stress redistribution. This supports previous research
indicating that fracture initiation is a function of both drilling resistance and geological
structure.
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Figure 13. Feature importance analysis for fracture frequency per meter in the Marra Mamba
Formation using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates
the mean absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most
influential variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view
of how each parameter affects the model’s output, indicating the relative contribution of key drilling
responses such as torque, bit air pressure, and rate of penetration.

The role of interaction-based variables further underscores these contrasting fracture
behaviors. In BR, baptor and torbap exhibited strong feature importance, emphasizing
the role of pressure-assisted torque in controlling fracture initiation. This suggests that
fracturing in BR is more dependent on dynamic drilling interactions, in which changes
in penetration rate and torque signal structural weaknesses. In contrast, MM is more
influenced by ropfob and torfob, indicating that fracture formation is primarily governed by
the interplay of penetration rate and force-based responses rather than pressure alone. This
implies that fracturing in BR is more dynamic and controlled by drilling efficiency, while
MM is more sensitive to mechanical load variations and stress-induced fracturing.

The distribution of Boruta-SHAP values across both deposits further reinforces these
differences in fracturing mechanisms. ropS and torS exhibited a wide range of SHAP values
for BR, suggesting that fluctuations in penetration rate and torque can either enhance or
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suppress fracture formation depending on localized geological conditions. The presence
of extreme SHAP values supports the idea that brittle failure mechanisms dominate BR,
where abrupt energy release leads to rapid fracture propagation. On the other hand, MM
exhibits a more uniform and progressive fracture development process, as seen in the
tighter distribution of SHAP values for ropfob and fob. The lower variance in SHAP values in
MM suggests that fractures are governed by stress-driven mechanisms, leading to gradual
failure rather than abrupt mechanical breakdown.

The Boruta shadow variables (_sv) confirm the robustness of the key predictors. In
BR, shadow variables such as ropfob_sv, fobS_sv, and torfob_sv exhibit minimal impact,
reinforcing that the real counterparts (ropfob, fobS, torfob) are meaningful indicators of
fracture formation. The low influence of force-based and penetration rate shadow variables
suggests that fracturing in BR is governed by true drilling responses rather than random
fluctuations.

Similarly, in MM, bap_sv, torrop_sv, and fobtor_sv show negligible influence, confirming
that the primary features—ropfob, rop, torfob—are legitimate predictors of FPM in MM.
The lower impact of shadow variables for MM compared to BR aligns with its more
stable geomechanical behavior, suggesting that fracture development in MM is more
predictable and less influenced by drilling variability. The limited significance of air
pressure-related shadow variables in both deposits further support fracturing is primarily
driven by penetration rate and force-based interactions rather than pressure alone.

3.2.3. Feature Importance Boruta-SHAP—GSI

The Boruta-SHAP results for GSI in BR and MM illustrate distinct patterns in how
MWD variables correlate with rock mass quality. In BR, Boruta-SHAP values are more
widely distributed, ranging from approximately −8 to +10, reflecting high variability in
rock strength due to localized geological heterogeneity, such as alternating iron-rich and
siliceous bands. In contrast, MM exhibits a narrower SHAP value range (−15 to +10), with
values focused around zero, indicating more uniform rock strength and less short-range
variability. The reduced spread of SHAP values in MM suggests that GSI can be more
reliably estimated using steady-state MWD variables, as opposed to the more dynamic
drilling responses seen in BR.

Key feature importance rankings further highlight deposit-specific differences in GSI
prediction. torrop, bap, and fobS emerge as the most influential variables in BR, with torrop
exhibiting the highest importance (Figure 14). This suggests that rotational torque and
its interaction with penetration rate strongly influence GSI in BR, likely due to banding,
alteration, and fracturing effects. Other key features include fobrop, ropbap, and bapfob,
highlighting the role of multiple variable interactions in determining BR geotechnical
properties. The strong influence of force-based variables (fob, tor) suggests that rock mass
quality in BR is more sensitive to mechanical resistance and drilling force fluctuations.

On the other hand, MM (Figure 15) shows a different feature importance hierarchy,
with rop, bapfob, and bap as the dominant predictors. Unlike BR, bap has a stronger direct
relationship with GSI, suggesting that air pressure-based variables are more predictive of
rock strength in MM formations. Additionally, torque-related variables (torrop, torbap) have
greater importance in MM than in BR, reinforcing the role of rotational drilling forces in
characterizing the MM rock mass. The lower importance of force-based variables in MM,
along with the reduced variance of Boruta-SHAP values, suggests that MM exhibits a more
homogeneous geomechanical structure, resulting in more stable and predictable drilling
responses compared to BR.
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Figure 14. Feature importance analysis for Geological Strength Index in the Brockman Formation
using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates the mean
absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most influential
variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view of how each
parameter affects the model’s output, indicating the relative contribution of key drilling responses
such as torque, bit air pressure, and rate of penetration.
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Figure 15. Feature importance analysis for Geological Strength Index in the Marra Mamba Formation
using the Boruta-SHAP method with a random forest model. (a) The bar plot illustrates the mean
absolute SHAP values for each Measure-While-Drilling parameter, highlighting the most influential
variables in predicting fracture occurrence. (b) The swarm chart provides a detailed view of how each
parameter affects the model’s output, indicating the relative contribution of key drilling responses
such as torque, bit air pressure, and rate of penetration.
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The Boruta shadow variables (_sv) further validate the robustness of the GSI predic-
tions by distinguishing genuine predictive features from statistical noise. For BR, torbap_sv,
fobS_sv, and torrop_sv exhibited minimal importance, confirming that the real counterparts
of these variables—such as torrop, fobS, and bap—are genuine indicators of rock mass qual-
ity. The presence of multiple interaction-based shadow variables with low significance
reinforces the idea that GSI variations in BR are primarily controlled by actual drilling
responses rather than random fluctuations.

In MM, bap_sv, rop_sv, and torbap_sv showed similarly low importance, supporting the
conclusion that bap and rop remain the dominant drivers of GSI in MM formations. The
weaker influence of shadow variables in MM compared to BR aligns with the observation
that GSI prediction in MM is more stable and less influenced by short-range variability.
This distinction highlights how MWD-based GSI estimation is more complex in BR due to
geological heterogeneity, whereas MM allows for more reliable and consistent predictions
using less variable drilling parameters.

3.3. Regression-Based ML Overview

The predictive performance of five regression-based ML models—DT, SVM, RF, GP,
and NN—was evaluated for estimating UCS, FPM, and GSI from MWD data. The results re-
vealed consistent trends across all models, with NN and RF outperforming other approaches
in both datasets, particularly in BR where larger data volume and more homogeneous
geotechnical conditions contributed to higher predictive accuracy.

Across all geotechnical parameters, NN consistently achieved the highest R2 and low-
est RMSE, followed closely by RF. The superior performance of NN can be attributed to its
ability to model complex, nonlinear interactions between MWD variables and geotechnical
properties. RF also demonstrated strong predictive capability, benefiting from its ensemble
approach that reduces overfitting by averaging multiple DTs. Considering both R2 and com-
putational efficiency, RF was selected as the most balanced model, offering high accuracy
with moderate computational time, making it suitable for operational deployment.

Conversely, DT, SVM, and GP exhibited lower predictive accuracy, particularly in MM,
which is characterized by higher geological variability. DT was the least effective model,
likely due to its sensitivity to noise in the MWD dataset and its tendency to overfit training
data while failing to generalize well to test data.

The superior performance of NN and RF can be attributed to their ability to handle
high-dimensional, multivariate datasets where complex interactions exist between input
features. In contrast, simpler models like DT and SVM struggled because:

i. DT is prone to overfitting and lacks the ability to capture intricate geomechanical
relationships;

ii. SVM relies on a fixed decision boundary, which is not well-suited to continuous,
nonlinear geotechnical responses;

iii. GP, while effective in some cases, is computationally expensive and does not general-
ize well with the large, noisy datasets typical of MWD applications.

The comparison between NN and RF suggests a trade-off where NN provides the
highest predictive accuracy but requires significantly longer training times and RF offers
a strong balance between accuracy and computational efficiency, making it a practical
choice for real-time mining applications. GP may be useful for smaller datasets but is not
well-suited for large-scale MWD data due to its high computational cost.

Given these findings, future work should explore hybrid modeling approaches that
combine the interpretability of RF with the high-dimensional learning capabilities of NN.
Additionally, model uncertainty quantification should be incorporated to better assess
prediction reliability in heterogeneous formations such as MM.
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3.3.1. UCS Prediction

For the BR dataset, the NN model outperformed all other approaches, achieving an
R2 of 0.96 and the lowest RMSE of 7.7 MPa for both training and test datasets (Table 3). The
RF model also exhibited strong predictive capabilities, with R2 = 0.94 and RMSE = 9.3 MPa
on the test set. SVM and GP demonstrated similar predictive accuracy, with R2 values
above 0.91 and RMSE values in the range of 10.4 to 11.9 MPa. DT, while computationally
efficient, had the lowest predictive accuracy in BR, with R2 = 0.90 and RMSE = 12.4 MPa.

Table 3. Regression-based ML 10-fold cross validation training and testing analytical coefficient of
determination, RMSE (MPa) and training speed prediction results for UCS values from MWD data
using all MWD features in BR and MM Formations.

Regression-Based ML Method
BR MM

Train Test Train Test
RMSE R2 Time (s) RMSE R2 RMSE R2 Time RMSE R2

DT 13.2 0.89 8 12.4 0.90 18.5 0.61 2.3 21.88 0.46
SVM 11.9 0.91 7 11.9 0.91 16.8 0.68 7.5 17.84 0.64
RF 9.7 0.94 60 9.3 0.94 13.3 0.8 66.1 13.95 0.78
GP 12.2 0.91 4 10.4 0.93 1.2 0.66 2.4 18.28 0.62
NN 7.7 0.96 517 7.7 0.96 10.3 0.88 184 11.95 0.84

In contrast, model performance was notably lower for the MM dataset, with a wider
range of R2 values (0.46 to 0.84) and higher RMSE values across all models. NN remained
the best-performing model for MM, with R2 = 0.84 and RMSE = 11.95 MPa. RF followed
closely, achieving an R2 of 0.78 and RMSE of 13.95 MPa. SVM and GP displayed moderate
predictive ability, with R2 values ranging from 0.62 to 0.68. DT performed the poorest,
with an R2 of 0.46 and the highest RMSE of 21.88 MPa, indicating important prediction
errors for MM rock strength values. The higher RMSE values in MM suggest that UCS
estimation in this formation is more challenging due to greater lithological variability. The
lower performance of GP and SVM (R2 = 0.62–0.68 for MM) suggests that these models
struggle with the nonlinearity inherent in MWD-UCS relationships.

The training times for each model varied, with NN requiring the longest computation
time (517 s for BR and 184 s for MM). Conversely, GP were the fastest models, taking
only 4 s for BR and 2.4 s for MM. DT and SVM also demonstrated relatively fast training
times, with SVM completing training in under 10 s for both deposits. RF had moderate
computational demand, requiring 60 s for BR and 66.1 s for MM.

These results indicate that NN and RF offer the best compromise between predictive
accuracy and robustness, particularly for the BR dataset. The MM dataset exhibits greater
prediction uncertainty, likely due to increased geological heterogeneity or reduced data
volume. Future work will focus on exploring the underlying causes of performance
degradation in MM predictions, refining feature selection techniques, and integrating
additional geotechnical parameters to improve model generalization.

3.3.2. FPM Prediction

The BR results presented in Table 4 demonstrate the NN model outperformed all other
approaches, achieving an R2 of 0.98 and the lowest RMSE of 1.0 for both training and test
datasets, likely due to its ability to capture highly nonlinear fracture formation mechanisms.
The RF model also exhibited strong predictive capabilities, with R2 = 0.96 and RMSE = 1.3
on the test set. SVM and GP demonstrated similar predictive accuracy, with R2 values
above 0.93 and RMSE values ranging from 1.6 to 1.8. DT, while computationally efficient,
had the lowest predictive accuracy in the BR dataset, with R2 = 0.94 and RMSE = 1.7.
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Table 4. Regression-based ML 10-fold cross validation training and testing analytical coefficient of
determination, RMSE and training speed prediction results for FPM values from MWD data using all
MWD features in BR and MM Formations.

Regression-Based ML Method
BR MM

Train Test Train Test
RMSE R2 Time (s) RMSE R2 RMSE R2 Time RMSE R2

DT 2.0 0.93 2 1.7 0.94 4.8 0.59 2 5.5 0.53
SVM 1.8 0.94 9 1.6 0.94 3.9 0.73 7 3.9 0.76
RF 1.3 0.97 77 1.3 0.96 3.1 0.84 59 2.9 0.87
GP 1.7 0.94 4 1.8 0.93 3.1 0.84 4 3.2 0.84
NN 1.0 0.98 279 1.0 0.98 2.4 0.9 206 2.2 0.93

Model performance was lower across all methods in MM models, with R2 values
ranging from 0.53 to 0.93. The NN model remained the best-performing approach, achieving
R2 = 0.93 and RMSE = 2.2, followed by RF (R2 = 0.87, RMSE = 2.9). SVM and GP displayed
moderate predictive ability, with R2 values between 0.76 and 0.84, while DT exhibited the
weakest performance, with R2 = 0.53 and RMSE = 5.5, due to its tendency to oversimplify
fracture-related interactions, leading to poor generalization.

The training times for each model varied, with NN requiring the longest computation
time (Table 3). Conversely, GP were the fastest models, taking only 4 s for BR and MM. DT
and SVM also demonstrated relatively fast training times, with SVM completing training
in under 10 s for both datasets. RF had a moderate computational demand, requiring 77 s
for BR and 59 s for MM.

Overall, these results indicate that NN and RF provide the most robust predictive
performance for both BR and MM datasets, with NN yielding the highest accuracy but
at a higher computational cost. The MM dataset exhibits greater prediction uncertainty,
likely due to increased geological heterogeneity or reduced data volume. Future investi-
gations will focus on identifying the sources of variability in MM predictions, optimizing
feature selection, and integrating additional geotechnical parameters to enhance model
generalization.

3.3.3. GSI Prediction

For the BR dataset, the NN model achieved the highest accuracy, with an R2 of 0.99
and the lowest RMSE of 2.0 for both training and test datasets (Table 5). The RF model also
performed well, with R2 = 0.98 and RMSE = 2.6, followed by SVM (R2 = 0.97, RMSE = 3.2)
and GP (R2 = 0.97, RMSE = 2.9). DT had the lowest accuracy among the models tested,
with R2 = 0.94 and RMSE = 4.3, but remained computationally efficient.

Table 5. Regression-based ML 10-fold cross validation training and testing analytical coefficient of
determination, RMSE and training speed prediction results for GSI values from MWD data using all
MWD features in BR and MM Formations.

Regression-Based ML Method
BR MM

Train Test Train Test
RMSE R2 Time (s) RMSE R2 RMSE R2 Time (s) RMSE R2

DT 4.3 0.94 2 4.3 0.94 5.9 0.64 2 5.1 0.68
SVM 3.7 0.95 8 3.2 0.97 4.6 0.78 8 3.8 0.82
RF 2.6 0.98 80 2.6 0.98 3.6 0.86 60 3.2 0.87
GP 3.2 0.96 5 2.9 0.97 3.6 0.86 3 3.0 0.89
NN 2.0 0.99 255 2.0 0.99 2.9 0.91 297 2.4 0.93

In contrast, MM model performance was comparatively lower across all methods, with
R2 values ranging from 0.68 to 0.93. NN remained the best-performing model, achieving
R2 = 0.93 and RMSE = 2.4, followed by RF (R2 = 0.87, RMSE = 3.2). SVM and GP displayed
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moderate predictive ability, with R2 values between 0.78 and 0.86, while DT exhibited the
weakest performance (R2 = 0.68, RMSE = 5.1). The performance gap in MM suggests that
GSI estimation is more sensitive to variations in MWD-derived parameters, particularly bap
and torrop.

The training times varied among models, with NN requiring the longest computation
time (255 s for BR and 297 s for MM). In contrast, DT were the fastest models, requiring only
2 s for both datasets. RF had moderate computational demands (80 s for BR, 60 s for MM),
while GP and SVM were relatively fast (5–8 s across both datasets). The high R2 values of
GP and NN (above 0.97 for BR and 0.91 for MM) suggest potential overfitting, particularly
for BR, where geological variability may be lower.

Overall, NN and RF offer the best balance between predictive accuracy and robustness,
particularly in GSI prediction for BR deposits. The MM dataset exhibits greater prediction
uncertainty, which may necessitate further investigation into geological variability and
dataset quality. Future work will focus on examining model generalization, refining
feature selection techniques, and optimizing hyperparameters to mitigate overfitting while
maintaining prediction accuracy.

4. Discussion
The results presented in this study suggest that leveraging MWD data through ML

provides high predictive accuracy for UCS, FPM, and GSI. While this was demonstrated for
these three parameters, the methodology can be applied to a broader range of geotechnical
properties (excluded for brevity). However, since the findings are based on two iron ore
pits in the Pilbara region of Western Australia, questions remain about their generalizability
to other geological settings, mining operations, and commodity types.

In terms of feature importance, the Boruta-SHAP analysis with shadow variables
provided new insights into the reliability of key predictors. Unlike previous studies where
rop and tor were consistently identified as dominant MWD variables [18,19,22,25,32,70],
this study found that derived ratio variables—such as ropbap, torrop, and baprop—exhibited
stronger feature importance across UCS, FPM, and GSI estimations. Furthermore, bit-air-
pressure was identified as a consistently high-ranking important feature. This drilling
variable plays a crucial role in clearing cuttings from the borehole, reducing friction,
and maintaining drilling efficiency. Variations in bap correlate strongly with rock mass
competency, influencing both penetration efficiency and fracture response.

The lower significance of force-related shadow variables confirmed that pressure-based
interactions (bap, bapfob) were genuinely important features of UCS in BR, contradicting
prior assumptions that mechanical resistance (fob, tor) would be the primary controls.
Additionally, the MM deposit showed a greater reliance on force-based metrics (fobtor,
torfob) rather than pressure-driven responses, reinforcing the deposit-specific nature of
MWD-based geotechnical predictions.

Porosity and UCS significantly influence rock mass behavior and joint stability, and
while traditionally measured via core testing, they can be indirectly estimated using
Measure-While-Drilling variables. High porosity typically correlates with lower rock
strength, as increased void space weakens rock cohesion, often reflected in lower torque,
penetration rate, and force-on-bit values. Conversely, low-porosity, high-strength rocks
exhibit greater resistance, requiring higher drilling energy. These variations impact joint
behavior, with porous, low-UCS rocks developing persistent, open joints prone to shear
failure, while high-UCS formations exhibit tighter, more discontinuous fractures. By inte-
grating MWD-derived estimates with geophysical data and site-specific calibration, mine
operators can improve geotechnical risk assessments and slope stability management,
enhancing excavation efficiency and safety.
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The feasibility of estimating GSI, a calculated property, using Measure-While-Drilling
data presents both opportunities and challenges. MWD variables, particularly bit air
pressure, torque-to-penetration ratio, and force-on-bit, exhibit correlations with GSI, offer-
ing potential for real-time, high-resolution rock mass characterization. However, GSI is
inherently a visual classification system, making direct numerical mapping challenging,
especially when structural features like joint spacing and weathering are not explicitly cap-
tured by drilling responses. Additionally, bit wear, operational variability, and differences
in spatial resolution between MWD datasets and traditional geotechnical logging introduce
uncertainty in predictive models. To improve reliability, MWD-based GSI estimates should
be validated against mapped discontinuities and geophysical data, with site-specific cali-
bration of machine learning models. Despite these limitations, integrating MWD-derived
GSI predictions into mine planning and slope stability models could enhance geotechnical
decision-making by providing continuous, large-scale assessments of rock mass conditions.

The ML model performance differed significantly between BR and MM, largely due
to geological variability. Prediction accuracy was higher in BR, consistently achieving
R2 values > 0.94, likely due to its more homogeneous BIF geology with relatively uniform
mechanical properties. In contrast, MM exhibited greater lithological and structural hetero-
geneity, resulting in higher RMSE and lower R2 values (0.78–0.87). The impact of shadow
variables was also greater in MM, suggesting that higher geological complexity introduces
greater uncertainty in ML-based predictions. This highlights that ML models trained in
relatively uniform deposits may not generalize well to structurally complex formations
without additional tuning or feature adjustments.

These findings emphasize the need for deposit-specific model training and validation
before applying MWD-based geotechnical predictions to new sites. Further analysis of
dataset distribution between the deposits revealed that differences in dataset volume con-
tributed to disparities in model performance. The MM dataset contained fewer observations
and exhibited greater geological heterogeneity, leading to higher prediction uncertainty.
This reinforces the importance of training ML models with site-specific geomechanical data
rather than assuming universal feature importance across deposits.

The methodology proposed in this study can be adapted for other orebody types
(including copper, gold, nickel, and coal) and both open-pit and underground mining
operations. Additionally, this study utilized data from multiple drill rig manufacturers
(Epiroc, Terex, Bucyrus, and Sandvik), revealing that model performance remained con-
sistent across rigs, though minor variations in sensor calibration and data resolution were
observed. The impact of sensor calibration on ML predictions was further highlighted
by shadow variable analysis, which showed that some rig-specific data variations may
influence feature importance rankings. Ensuring standardization of MWD data processing
across different drill rigs will be essential for improving model transferability.

Future studies should include:

i. Standardizing MWD data processing across different equipment types to improve the
transferability of ML models to new operations;

ii. Evaluating the robustness of MWD-based geotechnical predictions across different
drill bit designs, rig configurations, and automation levels;

iii. Training models on multi-site, multi-commodity datasets to differentiate universal vs.
deposit-specific feature importance;

iv. Developing transfer learning techniques to allow pre-trained ML models to adapt to
new sites with minimal re-training;

v. Integrating additional geological context variables (e.g., geophysical wireline logs,
lithological logs) to enhance prediction accuracy across different orebody types;
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vi. Validating model predictions against real-time operational outcomes, such as blast
fragmentation and equipment performance, to ensure practical applicability.

By refining MWD-based ML models for broader geological settings, this approach
could become a universal tool for real-time geotechnical assessment, enabling more effi-
cient mine planning, optimized drill-and-blast operations, and improved slope stability
management across diverse mining environments.

5. Conclusions
This study demonstrated the feasibility of estimating geotechnical properties using

MWD data and ML techniques, showing that rock strength, fracture frequency, and rock
mass classification scores can be predicted with high accuracy. A feature importance
framework was developed using Boruta-SHAP algorithms, incorporating shadow variable
analysis to validate key predictors. The results highlighted the dominance of bap and
ratio-based metrics such as torrop in geotechnical characterization, while also confirming
that pressure-driven responses are more significant in UCS estimation for BR, whereas force-
based interactions play a larger role in MM. Comparative analyses across DT, SVM, RF, GP,
and NN models showed strong correlations (up to R2 = 0.98) between MWD features and
geotechnical properties, reinforcing the robustness of ML-based geotechnical estimation,
even in variable geological conditions.

The findings are highly relevant to the mining industry, as MWD-driven geotechni-
cal characterization offers a pathway to more precise drill-and-blast design. The ability
to optimize powder factor based on rock strength predictions and adjust stemming and
detonation delays according to FPM results can lead to more efficient and controlled frag-
mentation. Furthermore, reducing oversized or inconsistent rock fragments can minimize
over- and under-blasting effects, ultimately enhancing equipment longevity and reducing
operational costs. Shadow variable analysis further confirmed the reliability of MWD-based
feature selection, strengthening the case for integrating ML models into routine geotechnical
assessments.

While this study demonstrates the feasibility of predicting geotechnical conditions
from MWD data, further work is required to quantify the operational benefits, including:

i. Comparing MWD-based geotechnical predictions to actual fragmentation results,
validating the impact on blast efficiency;

ii. Developing integrated ML models that link MWD data to downstream productivity
metrics such as loader efficiency, cycle times, and crusher performance;

iii. Investigating real-time integration of MWD analytics into mine control systems, en-
abling dynamic adjustments to blast and excavation strategies.

By extending the application of MWD-based geotechnical characterization beyond
prediction to real-time operational optimization, mining operations can achieve higher
efficiency, lower costs, and improved safety in excavation and material processing. This
study also underscores the need for deposit-specific model training, as demonstrated by the
differing influence of shadow variables in BR and MM, further reinforcing the importance
of site-specific calibration for MWD-based geotechnical estimation.
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Abstract: Due to limited exploration drilling and analogue mapping, bench-scale geotech- 8 

nical characterization often suffers from high uncertainty, reducing confidence in geotech- 9 

nical analysis. The Measure-While-Drilling (MWD) system uses sensors to collect drilling 10 

data from mining blast hole drill rigs. Historically, MWD studies have focused on pene- 11 

tration rates to identify rock formations during drilling. This study explores the effective- 12 

ness of Artificial Intelligence (AI) classification models using MWD data to predict ge- 13 

otechnical categories, including Stratigraphic Unit, Rock/Soil Strength, Rock Type, Geo- 14 

logical Strength Index, and Weathering properties. Feature selection algorithms, Mini- 15 

mum Redundancy Maximum Relevance and ReliefF, identified all MWD responses as in- 16 

fluential, leading to their inclusion in Machine Learning (ML) models. ML algorithms 17 

tested included Decision Trees, Support Vector Machines (SVMs), K-Nearest Neighbors 18 

(KNNs), Random Forests (RFs), Linear Discriminant Analysis, and Naive Bayes. KNN, 19 

SVMs, and RFs achieved up to 97% accuracy, outperforming other models. Prediction 20 

performance varied with class distribution, with balanced datasets showing wider accu- 21 

racy ranges and skewed datasets achieving higher accuracies. The findings demonstrate 22 

a robust framework for applying AI in real-time orebody characterization, offering valu- 23 

able insights for geotechnical engineers and geologists in improving orebody prediction 24 

and analysis. 25 

Keywords: Measure-While-Drilling (MWD); Artificial Intelligence (AI); Machine Learn- 26 

ing (ML); Geotechnical; Rock Mass; Real-time Orebody Analysis; Feature Importance 27 

1. Introduction 28 

Profiling a geological deposit is a critical task for mining production, requiring accu- 29 

racy and precision to meet grade and tonnage requirements. However, traditional meth- 30 

ods relying on resource-definition drill holes are often expensive and inefficient [1,2]. For 31 

example, the high costs of resource definition drilling result in large gaps between drill 32 

holes, leading to inaccurate subsurface depictions [3,4]. Moreover, the use of radioactive 33 

wireline instruments (sondes) in Reverse Circulation (RC) drill holes introduces physical 34 

limitations and potential risks to field personnel [5]. 35 

To address these challenges, engineers and geologists have turned to Measurement 36 

While Drilling (MWD) technology as a cost-effective and data-rich solution [6]. Originally 37 

developed for the petroleum sector, MWD sensors integrated into blast hole drill rigs in 38 

the 1970’s to provide continuous data collection during operations, such as open-pit min- 39 

ing, construction, and tunnelling [7]. This technology generates a wealth of MWD data 40 

points, allowing for detailed insights into subsurface geological conditions [8–12]. 41 
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Historically, manual methods were employed to interpret the abundant MWD data 42 

and its complex correlations with subsurface composition [9,10,13–17]. However, these 43 

methods were limited to rock-type detection, neglecting other essential geological attrib- 44 

utes like stratigraphic unit, weathering intensity, and rock or soil strength [9,10,14,16–18]. 45 

In recent times, advancements in computing power and availability have enabled the ap- 46 

plication of Artificial Intelligence (AI) and Machine Learning (ML) approaches to MWD 47 

data interpretation predominantly for rock type identification using univariate methods 48 

[19–24]. Despite this progress, few studies have focused on applying ML methods to 49 

MWD data for geological boundary identification [25,25,26]. While some have taken a 50 

multivariate approach to predictive regression-based algorithms for geochemical or geo- 51 

physical values [22,24,27], none have effectively evaluated the importance of individual 52 

MWD features for predicting categorical geotechnical features, such as rock type, weath- 53 

ering intensity, rock strength, stratigraphic unit and rock mass classification [6]. 54 

This study proposes an approach to evaluate feature importance of MWD variables 55 

for the classification and predictive modelling of geotechnical properties. Unlike previous 56 

studies [18,28] that applied Principal Component Analysis (PCA) for this purpose, which 57 

can yield misleading results, the current research utilizes appropriate feature selection 58 

algorithms, Minimum Redundancy Maximum Relevance (MRMR), and ReliefF, in com- 59 

bination with ML techniques. The study examines geological traits of an orebody using 60 

MWD data from an open cut iron ore mine in the Pilbara region of Western Australia. It 61 

presents a method to assess the feature importance of input drilling variables for predic- 62 

tive geotechnical modelling using MWD data and includes a comparative analysis of var- 63 

ious classification-based ML algorithms' predictive performance. 64 

The findings of this study offer a more accurate representation of orebodies based on 65 

MWD data, resulting in an order of magnitude increase in spatial resolution compared to 66 

RC and diamond drill hole-based geological models. This advancement has been achieved 67 

without the need for additional exploration drilling. The proposed approach holds prom- 68 

ise for mine technical services personnel seeking cost-effective and high-resolution delin- 69 

eation of subsurface rock conditions, thereby improving the efficiency and productivity 70 

of mining production. 71 

2. Methods 72 

The data used in this paper are the same as in Goldstein et al. which aimed to predict 73 

wireline geophysical measurements and geochemical assay values from the same MWD 74 

dataset [24,27]. For the sake of self-completeness, the site and data are briefed as below: 75 

2.1 Mine Site 76 

The Western Australian Pilbara area is a high-volume iron ore exporter. In the year 77 

2021, the area was responsible for exporting 874 million tons of iron ore [29]. The focus of 78 

this study lies in the iron-ore deposits found in Marra Mamba and Brockman (BR) For- 79 

mations of the Hammersley Group, recognized for their substantial contribution to the 80 

economically exploitable iron ore in Pilbara [30]. An interesting feature of these for- 81 

mations is their interlayering with Banded Iron Formation (BIF), a mineral-rich sequence 82 

from about 2.5 billion years ago, and shale layers [31]. The Brockman Iron Formation itself 83 

is composed of the Dales Gorge Member, overlaid by Whaleback Shale, which in turn is 84 

topped by the Joffre Member. The Hamersley Detrital units, which appear higher in the 85 

stratigraphic sequence, originate from weathered bedded ores [4]. 86 

The current work investigates a single pit within the geological characteristics of the 87 

Brockman Formation (BR). A combination of 12 diamond core drill holes and 211 RC drill 88 

holes were used to characterize the pit’s subsurface geological conditions. The diamond 89 

and RC holes totaling 1089 and 16,880 drill meters, respectively, with an average depth of 90 
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90 meters and 80 meters per hole, respectively. Field observations were employed to log 91 

information concerning rock type, weathering profile, rock strength, stratigraphic unit, 92 

and Geological Strength Index (GSI). There was no need for further data engineering on 93 

the resource-definition data due to prior scrutiny of these datasets through the mining 94 

company's Quality Assurance and Quality Control (QA/QC) procedures. 95 

2.2 Geotechnical Field Observation Categories 96 

This research explores various field observations logged, encompassing aspects such 97 

as stratigraphic unit, rock type, weathering, rock strength and GSI. The general categories 98 

for rock types include BIF, shale (SHL), detrital (DET), and the hydrated zone of alteration 99 

(HYD). Table 1 depicts the classification of weathering using a method adapted from the 100 

International Society for Rock Mechanics (ISRM) conventions [32]. In addition, Table 2 101 

describes the ISRM strength categories for both soil and rock [33]. GSI is a rock mass clas- 102 

sification system to evaluate a combination of the estimated rock strength and persistence 103 

of structures into several classes [34]. 104 

Table 1. Rock weathering classes 105 

Code Type Description 
FR Fresh No visible sign of rock material weathering 
SW Slightly Weathered Less than 5% of material altered 
MW Moderately Weathered Less than 50% of rock is decomposed 
HW Highly Weathered More than 50% of rock is decomposed 
CW Completely Weathered 100% decomposed with intact structure 
RS Residual Soil All rock material converted to soil 

Table 2. Soil strength classes S0-S6 and rock strength classes R0-R6 106 

Class Term Field Identification 
S1 Very soft clay Easily penetrated several inches by fist 
S2 Soft clay Easily penetrated several inches by thumb 
S3 Firm clay Can be penetrated several inches by thumb with moderate effort 
S4 Stiff clay Readily indented by thumb but penetrated only with great effort 
S5 Very stiff clay Readily indented by thumbnail 
S6 Hard clay Indented with difficulty by thumbnail 
R0 Extremely weak rock Indented by thumbnail 
R1 Very weak rock Crumbles under firm blows with a geological hammer 
R2 Weak rock Shallow indentations made by firm blow of a geological hammer 
R3 Medium strong rock Can be fractured with a single firm blow of a geological hammer 
R4 Strong rock Requires more than one blow of a geological hammer to fracture 
R5 Very strong rock Requires several blows of a geological hammer to fracture 
R6 Extremely strong rock Only chipped with a geological hammer 

 107 

2.3 MWD Drilling Systems 108 

MWD data collection was conducted using a fleet of 22 rotary blast hole rigs fitted 109 

with Tungsten Carbide Insert bits. This fleet included ten Pit Viper 271 rigs by Atlas Copco 110 

(Epiroc), two Terex SKS 12 rigs, one Bucyrus SKS 13 rig, and two Sandvik 460 rigs, which 111 

were used for drilling production blast holes of 0.229m in diameter (Figure 1a). Further- 112 

more, a Cubex QXR 920 rig, a Sandvik 560 rig, and five Atlas Copco (Epiroc) D65 drill rigs 113 

were employed for creating 0.165m wall control blast holes (Figure 1b). The height of the 114 

benches in the iron-ore pits under study varied between 8 and 12 meters, with sub-drilling 115 

reaching approximately 2 meters beneath the bench floor. On average, the spacing and 116 

burden between production blast holes were 8 meters and 7 meters, respectively. 117 

The MWD system on the drill rigs collected various measurements, such as rate of 118 

penetration (rop; m/s), rotary pressure or torque (tor; Nm), force on bit (fob; kgf) – typically 119 

known as weight on bit, thrust or pulldown pressure, bit air pressure or flushing air me- 120 

dium (bap; kgf/cm), and rotary speed (rpm). However, since inconsistencies in the 121 

onboard sensor resulted in rpm data being available for only around a quarter of the sam- 122 

ple points, these data were omitted from the drilling measurements. The process of 123 
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collecting MWD values involved both manually operated rigs and semi-autonomous ma- 124 

chines, with the latter being remotely monitored from a distant Operations Centre. The 125 

drilling system logged MWD time-series data at approximately 0.1-meter intervals 126 

throughout the depth of the blast hole. 127 

This study focused on the MWD dataset from BR pit, including 75,470 blast holes 128 

totaling 844,855 meters. MWD data was analyzed from 2 meters beneath the hole collars 129 

to the bottom of the blast holes, as the first two meters of the borehole may not accurately 130 

reflect the in situ rock conditions due to potential toe charge effects from the blasting of 131 

the previous bench. In addition, the BR MWD dataset was observed to have a relatively 132 

high noise-to-signal ratio with no QA/QC performed on the data. 133 

 134 

 135 

Figure 1. Representative drilling rigs employed in the collection of MWD data: a) Terex SKS 12, 136 

utilized for the drilling of 0.229m production blast holes and b) Epiroc D65, used in the creation of 137 

0.165m wall control blast holes. 138 

2.3.1 MWD Data Pre-processing 139 

The reliability of MWD data can be influenced by various factors such as the fabric 140 

and composition of the subsurface rock, the management system of the drill rig, and ex- 141 

ternal circumstances, which may cause abnormal response values [35]. This could poten- 142 

tially lead to incorrect MWD response values and misinterpretations of the data [36]. 143 

Therefore, the noise-to-signal ratio in the examined mining MWD dataset is high, given 144 

that the data had not undergone a comprehensive QA/QC process. 145 

Hence, the MWD data in this investigation necessitated feature engineering. To min- 146 

imize potential effect on the representation of in situ rock due to collaring effects at the 147 

beginning of the shaft and potential blast damage from previous holes, the initial MWD 148 

dataset excluded the first 2 meters of each drilling hole. Further, data points showing neg- 149 

ative rop, tor, fob, or bap values were eliminated. Any gaps in the MWD data were filled 150 

using linear interpolation, quartile detection methods, and a 1.5-factor threshold. A 151 

Gaussian filter with a smoothing factor of 0.3 was applied to the data from the blast holes 152 

to mitigate the local impacts of noise. 153 

The drilling datasets for blast-hole MWD and exploration hole were converted from 154 

drill hole interval formats to point data, which encompassed geospatial coordinates and 155 

corresponding dataset values for each data point. The point data for exploration geotech- 156 

nical holes were generated using downhole wireline logged desurvey data, which regis- 157 

tered the azimuth and dip of each hole every 10 meters until the final depth. In contrast, 158 

the blast hole MWD data were not desurveyed due to the production nature of the holes, 159 

and each point's location was determined by presuming a straight line from the hole's 160 
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collar to its end. A K-Nearest Neighbor distance-based search technique was utilized to 161 

calculate the distance between each point in the MWD and exploration data for merging 162 

these two datasets. Each exploration drilling data point was linked with the nearest MWD 163 

data point to execute supervised machine learning. Horizontal and vertical distance 164 

thresholds were employed to further refine the results. 165 

2.4 Feature Selection Methods 166 

PCA has often been employed to determine the most important features in MWD 167 

data. However, this research opts for feature selection algorithms to ascertain the relative 168 

importance of each MWD variable identified for geotechnical categories such as rock type, 169 

weathering intensity, stratigraphic unit, and rock strength. For this purpose, non-para- 170 

metric approaches, specifically MRMR and ReliefF, were utilized on the pre-processed BR 171 

dataset. These techniques refrain from making assumptions about the relationships be- 172 

tween input and output variables and instead assess feature selection in different ways. 173 

MRMR, a non-parametric approach to feature selection, decouples complex variable 174 

interactions via mutual information maximization [37]. It identifies crucial features by fit- 175 

ting the model iteratively with each feature both included and excluded, subsequently 176 

measuring the variation in performance. The MRMR algorithm evaluates and chooses the 177 

MWD input that brings the most substantial improvement in the model as the most im- 178 

portant, formulated as follows for categorical variables: 179 

            [1] 180 

where the mutual information, I, quantifies the relationship between two variables, x and 181 

y. This relationship is defined in the context of their joint probabilistic distribution, p(xi,yj), 182 

and the corresponding marginal probabilities, p(xi) and p(yj). The mutual information es- 183 

sentially provides a measure to determine a comparative level of similarity among ge- 184 

otechnical classifications. In addition, the principle of minimum redundancy, aims to se- 185 

lect outputs that are maximally dissimilar from each other. Minimal redundancy enhances 186 

the representational efficacy of the feature set with respect to the entire dataset. This not 187 

only makes the selected features a better representative of the full dataset, but it also de- 188 

termines the relative importance among MWD variables.  189 

On the other hand, ReliefF is a filter-based feature selection algorithm that deter- 190 

mines the weights of predictors for categorical variables. The algorithm penalizes predic- 191 

tors that yield dissimilar values for neighbors belonging to the same class, and con- 192 

trastingly, rewards predictors that produce different values for neighbors from distinct 193 

classes [38]. The ReliefF methodology randomly samples a datapoint and then examines 194 

the impact of the neighbors of the datapoint. The technique then adjusts the weights of 195 

the drilling variables for that datapoint, with the adjustments being governed by the ex- 196 

tent to which these features can effectively differentiate between neighboring datapoints. 197 

The algorithm follows this logic: 198 

Assuming xr and xq belong to the same class, the following equation applies: 199 

            [2] 200 

If xr and xq are part of different classes, this equation applies: 201 

           [3] 202 

where Wji represents the weight of predictor Fj at the i iteration step, pyr and pyq are the 203 

prior probabilities of the classes to which xr and xq belong, respectively, m is the number 204 

of iterations, Δj(xr,xq) is the difference in the value of predictor Fj between observations xr 205 

and xq, xrj is the value of j for observation xr, and xqj is the value of xq at j. 206 

2.5 Classification-Based ML Methods 207 
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Different classification-based ML models were tested for their ability to classify rock 208 

types in various contexts. For example, Neural Networks (NNs), a type of machine learn- 209 

ing model, proved effective in classifying rock types in a coal deposit in Canada [23]. 210 

However, a more specific type of NNs, known as Back Propagation NNs, failed in classi- 211 

fying rock types in an iron-ore mine in the United States [21]. Furthermore, two other ML 212 

techniques, Logistic Regression and Random Forests (RFs), were successful in predicting 213 

marble quality classes in Norwegian quarry [19].  214 

In contrast to these previous studies, this research explored the use of a variety of 215 

newer machine learning methods. These include Decision Trees (DTs), Support Vector 216 

Machines (SVMs), K-Nearest Neighbors (KNNs), Linear Discriminant Analysis (LDA), 217 

and Naïve Bayes (NB). This research also employed RFs, as previous research had shown 218 

this method to be effective. The advantages and disadvantages of each classification-based 219 

ML method are summarized in Table 3. 220 

Table 3. Comparison of the employed classification-based ML methods employed. 221 

ML Algorithm Advantages Drawbacks 
Decision Trees 
[39] 

Easy to understand and interpret 
Not sensitive to outliers 

Prone to overfitting 
Biased with imbalanced datasets 

 
Support Vector 
Machines [40] 

Effective in high dimensional spaces 
Outlier impact is minimized due to the 
margin maximization 
It is memory efficient 

Can be challenging to interpret 
Unsuitable for big data due to high training time 
Poor performance with overlapping classes 

 
K-Nearest 
Neighbours [41] 

Simple to implement 
No assumptions about the data 
Adaptable to multiclass classifications 

Computationally expensive  
Sensitivity to irrelevant features and data scale 
Must determine the value of K 

Linear Discrimi-
nant Analysis 
[42] 

Reduces dimensionality 
Avoids overfitting 

Assumes the data are normally distributed 
Assumes that all classes share the same covariance 
matrix 

 
Naïve Bayes [43] Simple and easy to implement 

Works well with high dimensions 

Makes a strong assumption about the shape of 
your data distribution 
Assigns a zero probability if variable is in test data 
but not training data 

 
Random Forests 
[44] 

Handles higher dimensionality well 
Effective for regression and classifica-
tion 
Robust to outliers and nonlinear data 

Tends to overfit for some datasets with noisy clas-
sification tasks 
Model interpretability difficult due to many trees 
Longer training period compared to DTs 

 222 

The predictive capacity of various classification-based ML algorithms, with compu- 223 

tations executed on a high-performance computing system known as Pawsey Supercom- 224 

puter Nimbus cloud, operating on an Ubuntu system, outfitted with 8 virtual CPUs and 225 

32GB of memory. The Classification Learner Toolbox in MATLAB was used with default hy- 226 

perparameters and no optimization for each respective classification-based ML method to 227 

generate models and assess prediction performance [45]. The available data was por- 228 

tioned into two sets, with 80% dedicated to training the models, and the remaining 20% 229 

used for evaluating their predictions. 10-fold cross-validation was used to evaluate the 230 

strength of the models' predictions on the training data.  231 

The effectiveness of the various models was compared using three specific measures: 232 

Accuracy, Overall Misclassification Cost (OMC), and Training Duration (TD). 233 

i. Accuracy - this measure indicates the proportion of successful predictions 234 

made by the classification model. It is determined by dividing the number of 235 

correct predictions by the total number of predictions made. 236 

ii. OMC - this is the total cost accumulated from incorrect predictions made by 237 

the model, computed by combining the cost matrix of misclassification with 238 

the corresponding confusion matrix. 239 

iii. TD - this denotes the length of time it takes for the model to complete training 240 

phase. 241 

 242 

The criteria for these metrics are defined as follows: 243 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁+𝑇𝑃

𝑇𝑁+𝐹𝑁+𝑇𝑃+𝐹𝑃
      [4] 244 

where TN and TP represent True Negatives (instances that are accurately predicted 245 

as not belonging to the class) and True Positives (instances that are correctly predicted as 246 

belonging to the positive class), respectively. In contrast, False Positives (FP) and False 247 

Negatives (FN) refer to the accurate and inaccurate negative predictions, respectively.  248 

 249 

The OMC is determined, as follows: 250 

OMC = (𝐶𝑜𝑠𝑡𝑀𝑖 ∗ 𝐶𝑜𝑛𝑓𝑀𝑖)     [5] 251 

where CostMi is the misclassification cost matrix and ConfMi is the confusion matrix for 252 

the respective model. 253 

 254 

3. Results 255 

3.1 Exploratory Data Analysis 256 

A preliminary analysis was conducted on the gathered measurements of MWD 257 

measurements (rate of penetration, torque, flow outback pressure, and bit axial pressure) 258 

acquired from drill sensors to establish an understanding of the data's distribution and 259 

frequency of occurrence. Various factors, including irregularities in mining machinery, 260 

operator proficiency, drill bit wear, and the rock characteristics, among others, have been 261 

identified as potential contributors to observable differences in rop and the fob [46]. Hence, 262 

it is possible that a univariate study alone may not adequately capture the nonlinear rela- 263 

tionships that exist between MWD responses and geotechnical classification characteris- 264 

tics. Consequently, multivariate analysis using all MWD response variables was em- 265 

ployed to maximize the prediction performance of the ML models. 266 

 Figure 2a-d depicts a variety of skewed and bimodal distributions of the MWD data 267 

points. The rop (Figure 2a) and tor (Figure 2b) have right skewed and left skewed distri- 268 

butions, respectively. This inverse relationship is sensible, as when tor increases to drill 269 

through a zone of strong zone, the rop should correspondingly decrease. The distributions 270 

for fob (Figure 2c) and bap (Figure 2d) are both bimodal with two prevalent value ranges 271 

in each MWD variable. The mean, median, standard deviation, minimum and maximum 272 

values for rop, tor, fob and bap are presented in Table 4. 273 

 274 

  275 

Figure 2. Distributions of MWD datapoints for a) rop, b) tor, c) fob and d) bap 276 

Table 4: 277 

Statistical val- 278 

ues for MWD data 279 

 280 

 rop (m/s) tor (Nm) fob (kgf) bap (kgf/cm2) 

Mean 0.026 3.05 793 738,147 
Median 0.025 3.21 817 366,918 
Standard Deviation 0.010 1.21 427 677,120 
Minimum 0.000 0.00 0 -414,500 
Maximum 0.055 6.49 2375 2,288,366 
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 283 

The observations of MWD data distributions suggest diverse data behaviors, under- 284 

scoring the need for careful and nuanced analysis of the relationships between variables. 285 

As a result, a Pearson Correlation Coefficient plot for the MWD data is displayed in Figure 286 

3. For instance, the correlation between fob and tor is approximately 0.57, indicating a very 287 

weak positive linear relationship. However, only linear relationships are displayed, which 288 

may not capture more intricate, non-linear relationships between variables. 289 

 290 

Figure 3. Pearson Correlation Coefficient plot for MWD data variables 291 

Contrasting with the input MWD responses, the distributions of geotechnical class 292 

outputs reveal two distinct patterns (Figure 4). The Stratigraphic Unit and Rock Type ex- 293 

hibit a more even distribution across their respective categories. In contrast, Weathering 294 

Intensity, GSI, and Rock or Soil Strength predominantly feature a single category. This 295 

even distribution in the Stratigraphic Unit (Figure 4a) aligns with the stratified BR geolog- 296 

ical deposition observed in the pit: the DET unit overlays the DG3, DG2, and D1 units, 297 

which in turn rest atop the MCS [4]. 298 

 299 
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Figure 4. Distribution of investigated geotechnical categories. 301 

Furthermore, the distribution within the Rock Type aligns with observed pit geology, 302 

where HYD alteration zones and SHL are less frequent compared to BIF and DET catego- 303 

ries (Figure 4b). Conversely, the skewed distributions in Weathering, Rock or Soil 304 

Strength and GSI are consistent with the predominant features of the pit’s BR geology, 305 

specifically favoring the MW, R3, and Poor categories (Figure 4c-e, respectively). Such a 306 

pronounced skewness towards a single category might influence the efficacy of predictive 307 

models, especially when these models rely on a limited set of infrequent categories for 308 

training and validation. 309 

3.2 Feature Selection Results 310 

The feature selection algorithms MRMR and ReliefF were applied to the four MWD 311 

response features to evaluate their significance in predicting five geotechnical categories: 312 

Rock Type, Strat. Unit, Strength, Weathering, and GSI. The percentages presented in were 313 

calculated by dividing the score of each MWD response in an experiment by the total of 314 

the four MWD responses in that respective experiment (Figure 5). 315 

 316 

 317 

Figure 5. MRMR and ReliefF results for MWD response features. 318 

MRMR consistently highlighted bap as the most influential feature in three out of five 319 

experiments, including Rock Type, Stratigraphic Unit and GSI underscoring its potential 320 

significance in these classification tasks. Conversely, ReliefF designated rop as the 321 
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marginally leading feature for three experiments: Rock Type, Strat. Unit, and GSI. The 322 

prominence of rop in the ReliefF results underscores a divergent perspective on feature 323 

selection compared to MRMR. Notably, a stark difference was observed for the Strength 324 

classification. MRMR identified tor as the key feature, while ReliefF pinpointed fob. In the 325 

Weathering classification, MRMR and ReliefF again diverged, with fob and tor identified 326 

as the most influential features, respectively.  327 

These discrepancies reflect the inherent differences in the methodologies of the two 328 

feature selection techniques. While MRMR focuses on maximizing relevance and mini- 329 

mizing redundancy, ReliefF emphasizes distinguishing capabilities between nearest 330 

neighbors of different classes. Such disparities emphasize the necessity of a comprehen- 331 

sive approach when selecting features, considering the inherent biases and strengths of 332 

each method. Importantly, since no features were identified as having zero or minimal 333 

influence, all four MWD responses will be included in predictive analysis. 334 

3.3 Classification-Based ML Results 335 

Various classification-based ML algorithms were applied to the geotechnical cate- 336 

gory datasets, including Stratigraphic Unit, Rock or Soil Strength, Rock Type, and Weath- 337 

ering, to compare model prediction performance using MWD data. For each model, five 338 

primary metrics were evaluated: 10 cross-fold Validation Accuracy, Testing Accuracy, 339 

Training Duration, Validation OMC, and Testing OMC. The results are listed in Table 5. 340 

While the KNN and RF had the consistently strongest Validation and Testing Accuracies 341 

of around 98%, the KNN model recurrently emerged as the strongest performing method 342 

due to lower Training Durations and Validation and Testing OMCs. Specifically, for GSI, 343 

Stratigraphic Unit, Rock or Soil Strength, and Rock Type classifications, the Fine KNN 344 

model consistently exhibited the highest Validation and Testing accuracies. In addition, 345 

in the Weathering classification, this model demonstrated the highest validation accuracy.  346 

On the other hand, the other models had stronger performance in one aspect with 347 

weaker performance than KNN. For example, LDA consistently demonstrated the short- 348 

est training time across the Rock or Soil Strength and Weathering categories. However, 349 

the reduced training time came at the expense of Validation Accuracy, which was 10% 350 

lower than KNN’s. In a similar example, the Gaussian NB model displayed the shortest 351 

training time for the GSI and Rock Type classifications.  352 

However, the reduced training time for LDA did not translate to higher accuracy or 353 

lower costs than those of KNNs (Figure 6). In terms of OMC, the Fine KNNs model dis- 354 

played the strongest performance versus training duration. For all five geotechnical clas- 355 

sifications, KNN consistently showcased the lowest validation and testing costs. On the 356 

other hand, NB and LDA models had higher Validation costs despite shorter training 357 

times. 358 

Table 5. Validation and Testing Accuracies, and Validation Costs for the ML algorithms 359 

 
ML Model Decision 

Trees 

Support 
Vector 

Machines 

 
K-Nearest 
Neighbours 

Random 
Forests 

Linear Discri-
minant Analy-

sis 

Naïve 
Bayes 

Geological 
Strength In-

dex 

Validation Accuracy (%) 98 98 98 98 97 97 
Testing Accuracy (%) 98 98 98 98 97 97 
Validation Cost  1,547 1,410 1,062 1,102 2,309 2,293 

Stratigraphic 
Unit 

Validation Accuracy (%) 50 83 96 33 32 96 
Testing Accuracy (%) 51 83 95 33 32 95 
Validation Cost  29,377 10,458 2,510 38,980 39,614 2,605 

Rock or Soil 
Strength 

Validation Accuracy (%) 87 93 95 95 85 85 
Testing Accuracy (%) 87 94 95 95 85 85 
Validation Cost  8,407 4,553 3,184 3,270 10,005 9,939 

 Validation Accuracy (%) 57 84 97 97 42 42 
Rock Type Testing Accuracy (%) 59 85 97 97 42 43 

 Validation Cost  22,784 8,428 1,626 1,720 30,821 30,651 
 Validation Accuracy (%) 88 93 95 95 85 85 

Weathering Testing Accuracy (%) 88 93 95 95 85 85 
 Validation Cost  7,693 4,411 3,100 3,257 9,851 9,841 
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 361 
Figure 6. Validation and Testing Cost Scores versus Training Duration for the inves- 362 

tigated classification-based ML algorithms. 363 

 364 

Testing accuracies were further examined using confusion matrices to understand 365 

the pattern of correct and incorrect class predictions within a geotechnical dataset. For 366 

example, confusion matrices showing testing accuracies for Rock Type using the six ML 367 

algorithms are shown in Figure 7a. Across most models, the primary diagonal, which rep- 368 

resents correct classifications, displays high values of more than 74.9% for the SVMs, 369 

KNNs and RFs (Figure 7b-d). This is indicative of the models' capability to correctly clas- 370 

sify a vast majority of the samples. The strength and distinctiveness of the features asso- 371 

ciated with BIF and HYD likely contribute to this trend. On the other hand, DET, due to 372 

its more weathered nature and soil-like consistency, stands out as occasionally challeng- 373 

ing for the models. Its weaker material strength, compared to BIF, HYD, and SH might be 374 

leading to these misclassifications. This underscores the importance of considering DET's 375 

unique geological history and characteristics when interpreting model results.  376 

On the other hand, as BIF and HYD have a stronger material strength compared to 377 

SHL and DET, the models seem to have a relatively easier time distinguishing them. Their 378 

inherent robustness and resistance to geological processes impart them with features that 379 

machines can recognize with high accuracy. SHL, being stronger than DET but weaker 380 

than BIF and HYD, shows occasional overlaps with both groups in the DTs, LDA and NB 381 

(Figure 7a, 7e-f). This intermediate strength, combined with its rock-like nature, might 382 

cause it to share properties with both the stronger (BIF and HYD) and weaker (DET) ma- 383 

terials, resulting in occasional misclassifications. Similar misclassifications were observed 384 

in the GSI, Stratigraphic Unit, Rock or Soil Strength and Weathering categories. 385 

 386 
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387 
Figure 7. Confusion matrices showing testing accuracies (%) for Rock Type using a) DTs, 388 

b) SVMs, c) KNNs, d) RFs, e) LDA and f) NB 389 

4. Discussion 390 

This study demonstrates the effectiveness of classification-based ML techniques in 391 

estimating classes of geotechnical properties from MWD data, thereby increasing rock 392 

mechanics characterization beyond an order of magnitude with resource development 393 

drilling methods. Though the scope of this study was confined to five geotechnical data 394 

categories, including Stratigraphic Unit, Rock or Soil Strength, Rock Type, GSI and Weath- 395 

ering properties, it has the potential to be extended to other categorical orebody 396 

knowledge datasets. For example, higher resolution understandings of grade, trace con- 397 

taminants, alteration intensity and mineralogy as well as other rock mass classifications 398 

systems, including Rock Mass Rating, Rock Quality Designation or Q, will greatly reduce 399 

uncertainty resulting in increased mining confidence. 400 

This study departs from prior research by demonstrating the balanced influence of 401 

the four MWD variables.  Earlier research emphasized rop and tor, utilizing PCA to de- 402 

termine the most important MWD measurements for rock type identification 403 

[13,16,18,21,23,47]. In contrast, both MRMR and ReliefF feature selection methods offer 404 

invaluable insights, yet their results can diverge based on their underlying methodologies. 405 

While MRMR highlighted the significance of the bap feature, ReliefF favored towards the 406 

rop feature. Such disparities emphasize the necessity of a comprehensive approach when 407 

selecting features, considering the inherent biases and strengths of each method. Future 408 

research might explore consensus-based approaches or further investigate the specific 409 

contexts where one method may be more appropriate than the other. However, both 410 

methods revealed a relatively balanced relationships between MWD measurements in 411 

which no features were identified as having zero or minimal influence. 412 

This study also examined model prediction performance for approximating geotech- 413 

nical categorical properties. The choice of the ML analytical model had a large effect on 414 

the ML prediction outcomes, demonstrated by higher Validation and Testing Accuracies, 415 

lower Training duration, Validation and Testing OMCs. DTs, LDA and NB performed the 416 

weakest across the five geotechnical datasets while KNN and RFs displayed the strongest 417 

results, consistently above 90% for Validation and Testing Accuracies for correct class 418 
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identifications. Furthermore, KNN was quicker to train than RFs. For example, KNN, at 419 

3s, was over 20 times faster than RFs, at 64s, for Rock Type. These results indicate that 420 

KNN is both the strongest and most computationally efficient model to predict geotech- 421 

nical classification properties. 422 

However, a great deal of the variance of accuracies and training durations can be 423 

traced to differences in class distributions between the five categories (Figure 5). Rock 424 

Type and Stratigraphic Unit had balanced distributions while the remaining categories 425 

were skewed to one class. The impact of this is observable in the consistently above 80% 426 

Accuracies for GSI, Rock or Soil Strength and Weathering prediction performance results. 427 

On the other hand, the Rock Type and Stratigraphic Unit, which had a wider spread of 428 

Accuracies, from 32% to 97%, depending on the ML algorithm. Moreover, similar physical 429 

properties may cause misclassification. For example, regarding Rock Type, SHL was ob- 430 

served to be misclassified as BIF and DET, because of its material strength lying between 431 

the relatively stronger BIF and weaker DET. This study demonstrated the success of clas- 432 

sification-based ML technique for geotechnical classification problems but also supports 433 

the valuable role of subject matter expert oversight in complementing ML studies regard- 434 

ing instances of misclassification, especially concerning materials with close or overlap- 435 

ping properties. 436 

5. Conclusions 437 

The application of classification-based ML techniques in conjunction with innovative 438 

datasets, such as MWD data, has introduced fresh opportunities in the field of rock me- 439 

chanics Characterisation. This work provides evidence for the efficacy of ML techniques 440 

in estimating geotechnical conditions. Additionally, it highlights the improvements in the 441 

characterization of rock mechanics properties beyond the scale achieved by traditional 442 

resource development methods. The MRMR and ReliefF feature selection methods sup- 443 

port a balanced integration of the MWD features rop, tor, fob, and bap in multivariate anal- 444 

ysis instead of depending solely on a single feature.  445 

Moreover, a comprehensive assessment of diverse machine learning models yielded 446 

intricate observations regarding their predictive capabilities. The KNN and RFs algo- 447 

rithms demonstrated superior performance, routinely obtaining validation, and testing 448 

accuracies exceeding 90%. The short training duration for KNN compared with that of 449 

RFs highlights its remarkable computational efficiency. Nevertheless, it is important to 450 

acknowledge that these results are closely linked to the underlying data distributions 451 

within the geotechnical classifications.  452 

The balanced distributions of classes in Rock Type and Stratigraphic Unit were in 453 

stark contrast to the other categories that exhibited a predominant skew towards a single 454 

class. This contrast was evident in the wide range of accuracies depending on the ML 455 

algorithm chosen in Rock Type and Stratigraphic Unit. Furthermore, the need for further 456 

examination arises from the misidentification of related materials, such as SHL with both 457 

BIF and DET. Future work should also include other Feature Importance algorithms, such 458 

as Shapley Values, that reveal the “black box” characteristics of ML techniques to improve 459 

explainability [48,49]. While the scope of this study was limited to five geotechnical data 460 

categories, the findings provide a solid basis for extrapolating these methods to other cat- 461 

egorical datasets relevant to orebody knowledge. 462 
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Abstract: Bench-scale geological modeling is often uncertain due to limited exploration
drilling and geophysical wireline measurements, reducing production efficiency. Measure-
While-Drilling (MWD) systems collect drilling data to analyze mining blast hole drill rig
performance. Early MWD studies focused on penetration rates to identify rock types.
This paper investigates Artificial Intelligence (AI)-based regression models to predict
geophysical signatures like density, gamma, magnetic susceptibility, resistivity, and hole
diameter using MWD data. The machine learning (ML) models evaluated include Linear
Regression (LR), Decision Trees (DTs), Support Vector Machines (SVMs), Random Forests
(RFs), Gaussian Processes (GP), and Neural Networks (NNs). An analytical method was
validated for accuracy, and a three-tier experimental method assessed the importance of
MWD features, revealing no performance loss when excluding features with less than 2%
importance. RF, DTs, and GPs outperformed other models, achieving R2 values up to 0.98
with a low RMSE, while LR and SVMs showed lower accuracy. The NN’s performance
improved with larger datasets. This study concludes that the DT, RF, and GP models
excel in predicting geophysical signatures. While ML-based methods effectively model
relationships in the data, their predictive performance remains inherently constrained
by the underlying geological and physical mechanisms. Model selection depends on
computational resources and application needs, offering valuable insights for real-time
orebody analysis using AI. These findings could be invaluable to geologists who wish to
utilize AI techniques for real-time orebody analysis and prediction.

Keywords: measure-while-drilling (MWD); artificial intelligence (AI); machine learning
(ML); geophysical; wireline; real-time orebody analysis; feature importance

1. Introduction
The geological profiling of orebodies must be accurate and precise to define and

achieve a feasible grade and the tonnage requirements of mining production. Traditional
methods of accomplishing this are frequently expensive due to their reliance on resource-
definition drill holes. For example, the traditional method for profiling an iron ore deposit
requires the use of an instrument on a wireline called a sonde to obtain geophysical response
values in Reverse Circulation (RC) drill holes [1]. This method not only introduces ineffi-
ciencies due to a physical limitation of the sonde but also raises concerns for field personnel
due to the potential exposure to radioactive sources from several sondes. Furthermore, the
high costs of resource definition drilling leave gaps of approximately 50–100 m between
drill holes, resulting in an inaccurate depiction of the subsurface due to interpolation [2].
As a result, a more cost-effective approach that allows for comprehensive data collection is
required to enable the high-resolution delineation of subsurface geological conditions.
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Measure-While-Drilling (MWD) technology provides an effective solution to this
geological modeling uncertainty. It was originally developed for the petroleum sector
before being integrated into open-pit mining blast hole drilling systems in the 1970s [3].
Continuous data gathering is enabled by installing a blast hole drill rig with MWD sensors,
which provides insights into subsurface penetration performance [4]. In the context of
operations involving repetitious drilling and blasting, such as open-pit mining, construction,
and tunneling, a wealth of MWD data points can be generated [5–7]. For example, a high-
output blast rig in an open-pit iron ore mine can generate approximately 10,000 MWD data
points per day, and high-volume mines generate even more [8].

Historically, to interpret the complex, nonlinear correlations between drilling re-
sponses and subsurface composition from such abundant MWD data, manual methods
were used [5,8–13]. Previous MWD research focused predominantly on rock type detection
to improve blast fragmentation [5,8,10,12–14]. However, these findings do not adequately
characterize smaller-scale geological conditions to optimize open-pit orebody characteri-
zation. In contrast to previous manual interpretation methods, recently, there have been
attempts to apply Artificial Intelligence (AI) and Machine Learning (ML) approaches due
to the improvements in computing power and availability [15–19]. Despite these advance-
ments, only few studies have applied analytical methods to MWD data for geological
boundary identification [20,21], but none have used a suitable method to evaluate the
importance of each MWD metric for predicting geological features.

Principal Component Analysis (PCA) has been the sole method used to evaluate the
feature importance of MWD values to determine rock type [14,22]. However, its application
is problematic due to its inability to determine feature importance. PCA is a method that
allows one to reduce the dimensionality of data by identifying the principal components
responsible for most of the data variance [23]. Unfortunately, the most variable charac-
teristics are not always the most important, resulting in an incorrect application of PCA
to determine feature importance from MWD data [24]. Therefore, this study employs ap-
propriate feature-importance-based algorithms, Multivariate Adaptive Regression Splines
(MARSs), and Projection Pursuit Regression (PPR) on MWD data and ML techniques to
determine the most important features and methods for predictive modeling.

The present investigation focuses on the geological characteristics of mineralized
ore deposits at an open cut mine located in Pilbara, Australia, using MWD data. A
method is presented to assess the feature importance of input drilling variables that will
support feature selection for predictive geological modeling using MWD data. In addition,
a comparative analysis of the predictive performance of various regression-based ML
algorithms is included in this study. Through sophisticated analytics, such as an assessment
of feature importance and machine learning predictive modeling, it is possible to derive a
more accurate representation of an orebody from MWD data.

While achieving high predictive accuracy remains a challenge, this study contributes
by systematically assessing feature importance and machine learning models for MWD-
based geophysical predictions, setting a foundation for further refinement. However,
ML-based models should be interpreted alongside geological principles, as purely data-
driven approaches may misrepresent weak or non-existent correlations. In comparison to
resource development RC drill hole-based geological models, the findings represent an
order of magnitude increase in spatial resolution previously unavailable without significant
additional RC drilling.
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2. Methods
2.1. Mine Site

The Western Australian region of Pilbara is renowned for being the main exporter of
iron ore in Australia. In 2021, the state exported a remarkable 874 million tons [25]. The iron
ore deposits investigated in this study are in the Hammersley Group’s Marra Mamba and
Brockman Formations, which have been identified as important contributors to Pilbara’s
economically viable iron ore [26]. Approximately 2.5 billion years ago, extensive sequences
of mineral-rich Banded Iron Formation (BIF) were interlayered with shale layers, resulting
in these formations [27]. For example, the Marra Mamba Formation comprises the Mount
Newman Member, which is overlain by the West Angelas Member, which is dominated by
shales. In contrast, the Brockman Formation is made up of the mineralized Dales Gorge
BIF and shale bands.

The current investigation focuses on two pits that reflect the geological features of
the Marra Mamba and Brockman Formations. Resource development drillholes spaced
50 m apart were used to delineate the geological characteristics of each pit’s orebody. The
Brockman Pit (BR) consisted of 211 RC drill holes totaling 16,880 m and an average depth of
80 m per hole. On the other hand, the Marra Mamba Pit (MM) included 167 RC drill holes
totaling 13,957 m and an average depth of 83 m per hole. To describe each pit’s geology,
wireline-based geophysical measurements of density (t/m3), gamma (API), magnetic
susceptibility (m3kg−1), resistivity (Ωm), and hole diameter (cm) were recorded at 0.01 m
intervals in the BR and MM resource-definition RC holes. No additional data engineering
was undertaken on the resource-definition data as the mining company’s Quality Assurance
and Quality Control (QA/QC) procedure had scrutinized these datasets.

2.2. Geological Qualities from Geophysical Measurements

This study considers various geophysical measurements, namely radioactive (gamma
and density), electrical (resistivity and magnetic susceptibility), and physical (hole di-
ameter), which are measured from their respective downhole sondes. The numbers of
observations used after data processing are listed in Table 1.

Table 1. Number of observations used in each dataset after data processing.

Geophysical Measurement
Observations

BR MM COM

Density 45,813 5789 51,602
Gamma 71,126 7791 78,917

Magnetic Susceptibility 71,012 8261 79,273
Resistivity 3202 3798 7000

Caliper 61,666 7505 69,171

Gamma and density wireline logging uses an active radioactive source to assess the
bulk densities of subsurface materials as well as their reactions to the gamma radiation
emanating from a regulated source housed within the logging instrument [28]. These
responses are used for several purposes. For example, density (dens) is predominantly used
as a proxy for ore grade. It can also be employed to estimate the tonnage of overburden
stripping or as a measure of porosity. In contrast, the prevalent association of gamma
radiation with clay minerals has led to using gamma as an indicator of shale or clay.

Resistivity and magnetic susceptibility are types of electrical logging that measure the
electrical attributes of a rock formation. Resistivity (res) defines its capacity to resist the flow
of electric current. Alterations in the rock’s electrical properties can be attributed to factors,
such as the content of clay minerals, water content and porosity, temperature variations, and
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conductivity of water [29]. Consequently, resistivity logs assist in interpreting conductive
material properties and are predominantly employed to estimate salinity and demarcate
lithology for hydrogeological studies. Magnetic susceptibility (magsus) quantifies the
magnetization level of the stratigraphy in a drill hole when exposed to a magnetic field
using electromagnetic induction [30]. magsus data are useful for characterizing the degree
of magnetization of subsurface material encountered in a drill hole exposure to differentiate
and infer the mineralogy or lithology of a formation.

The caliper (cal) log, also referred to as the hole diameter log, is a physical measurement
tool in which one or more tensioned mechanical arms measure the dimensions of the drill
cavity [28]. Certain physical characteristics of the drill hole, for example, hole diameter, hole
wall roughness, and drilling mud thickness, influence other geophysical measurements.
By interrogating the drill hole wall, cal can be used in conjunction with other geophysical
measures to gain an improved understanding of subsurface geology.

2.3. MWD Systems

This research employed the MWD method for data collection, using a total of 22 rotary
blast hole drill rigs that were outfitted with Tungsten Carbide Insert bits. The drilling
fleet comprised ten Atlas Copco (Epiroc) Pit Viper 271 rigs, two Terex SKS 12 rigs, a single
Bucyrus SKS 13 rig, and two Sandvik 460 rigs. These were deployed to drill production
blast holes with a diameter of 0.229 m (Figure 1a). In addition, one Cubex QXR 920 rig, one
Sandvik 560 rig, and five Atlas Copco (Epiroc) D65 drill rigs were deployed for drilling
0.165 m wall control blast holes (Figure 1b). The bench heights in the studied iron ore pits
ranged from 8 to 12 m, with sub-drilling extending roughly 2 m below the bench floor. The
spacing and burden between production blast holes averaged at 8 m and 7 m, respectively.
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Figure 1. Representative drilling rigs employed in the collection of MWD data [31]: (a) Terex SKS 12,
utilized for the drilling of 0.229 m production blast holes, and (b) Epiroc D65, used in the creation of
0.165 m wall control blast holes.

The MWD system on the drill rigs tracked metrics including the rate of penetration
(rop; m/s), rotary pressure or torque (tor; Nm), force on bit (fob; kgf)—also called weight on
bit, thrust, or pulldown pressure—bit air pressure or flushing air medium (bap; kgf/cm2),
and rotary speed (rpm). However, due to irregularities in the onboard sensor, the rpm
data were only available for approximately a quarter of the sample points, leading to the
exclusion of rpm from the drilling variables. The collection of MWD metrics was facilitated
by a mix of manually operated rigs and semi-autonomous machines, with the latter being
remotely overseen from an off-site operations center. The drilling system logged the MWD
time-series data at about 0.1 m intervals along the blast hole depth.

MWD data were collected from two distinct pits, BR and MM, each characterized
by unique geological conditions. The BR provided a dataset encompassing 75,470 blast
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holes totaling 844,855 m, while the MM pit contributed a dataset comprising 18,887 holes
totaling 208,705 m. A combined dataset (COM) was generated using BR and MM data.
Combining datasets from different pits improves the robustness of the analysis and ensures
that predictive models are applicable across different geological settings. This study
concentrated on MWD data ranging from 2 m below the hole collars to the bottom of the
blast holes, as the initial two meters of the borehole may not accurately represent the in situ
geochemical properties of the rock due to possible toe charge effects during the previous
bench’s blasting.

MWD Data Pre-Processing

The efficacy of MWD data is affected by a variety of factors, such as subsurface com-
position, drill rig management system, and external circumstances, which can result in
abnormal response values [32]. Consequently, these discrepancies can potentially lead to
inaccurate MWD response values and erroneous interpretations of the data [33]. Accord-
ingly, the noise-to-signal ratio in the analyzed mining MWD dataset is substantial as the
data had not been subjected to a thorough QA/QC process.

As a result, the MWD data in this study required feature engineering. Because collaring
effects at the start of the shaft and potential blast damage from previous holes could skew
the in situ rock representation, the initial MWD dataset omitted the first 2 m of each drilling
hole. Then, any data points with negative rop, tor, fob, or bap values were removed. Using
linear interpolation, interquartile range methods, and a 1.5-factor threshold, the voids in
the MWD data were considered outliers and subsequently filled. The blasthole data were
refined with a Gaussian filter smoothing factor of 0.3 to reduce the local impacts of noise.

The MWD features obtained after performing feature engineering on the first four
MWD responses are shown in Table 2. These variables contain the original MWD features,
derived ratios of the original features (e.g., rop divided by tor, indicated as roptor), and a
moving standard deviation across 0.5 m for the original features (e.g., ropS).

Table 2. MWD features investigated in this study.

Type MWD Features

Recorded rop tor fob bap

Ratio
roptor
ropfob
ropbap

torrop
torfob
torbap

fobrop
fobtor
fobbap

baprop
baptor
bapfob

Standard Deviation ropS torS fobS bapS

The drilling datasets for blast hole MWD and the exploration hole were transformed
from drill hole interval formats to point data, including geospatial coordinates and associ-
ated dataset values for each data point. The point data for exploration holes were generated
utilizing downhole wireline logged desurvey data, which recorded the azimuth and dip
of each hole every 10 m until the final depth. On the other hand, the blast hole MWD
data were not desurveyed due to the production nature of the holes, and the location of
each point was determined by presuming a straight line from the hole’s collar to its end.
To merge these two datasets, a K-Nearest Neighbor distance-based search technique was
used to calculate the distance between each point in the MWD and exploration data. Each
exploration drilling data point was associated with the nearest MWD data point to conduct
supervised machine learning. Horizontal and vertical distance thresholds were utilized to
further refine the outcomes.
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2.4. Feature-Importance-Based Methods

PCA has frequently been used to determine the most important MWD
features [14,17,19,22,34]. In contrast, this study employs feature importance algorithms to
establish the relative importance of each MWD variable identified for geophysical mea-
surements such as dens, gamma, magsus, res, and cal. Non-parametric approaches, such
as MARS and PPR, were applied to the pre-processed and merged BR, MM, and COM
datasets. Both techniques do not make any assumptions on the relationships between the
input and output variables. However, they evaluate feature significance differently.

MARS, a non-parametric approach to regression, disentangles complex variable in-
teractions through a succession of piecewise linear regressions [35]. It identifies crucial
features by fitting the model iteratively with each feature, both included and omitted, and
measuring the performance variation. MARS has been demonstrated as a valid feature im-
portance methodology in other fields, including molecular biology, environmental science,
and civil engineering [36–38]. The MARS algorithm selects the MWD input that leads to
the greatest improvement in the model as the most important as follows:

f̂ (x) = ∑J
j=1 ajBj(x) (1)

where f̂ (x) is a spline approximation of the function of interest f (x) given by respective
constant coefficients, aj, and a linear combination of basis functions, Bj(x) for (j = 1, 2, . . ., J),
which consist of a constant and a hinge function [36]. The earth package in R (v5.3.4), which
uses the MARS technique, was used with default hyperparameters to generate models
that match the data distribution and to assess the feature relevance of correlations between
MWD variables [39].

On the other hand, PPR, a nonlinear regression technique, reveals the most informative
data projections into a lower-dimensional subspace [40]. In contrast to MARS, it identifies
the most influential characteristics by analyzing the impact of each variable on these projec-
tions and determining which variables contribute the most to informative estimates. PPR
has been used extensively in other fields for feature importance, including geometallurgy,
biochemistry, and economics [41–43]. The PPR formula is as follows:

f̂ (x) = ∑M
m=1 Sαm

(
∑n

i=1 αimxi

)
(2)

where αimxi denotes the inner product iteratively created in three steps: (1) initializing
the residual to the response variable and the term counter M to zero; (2) using numerical
optimization to determine the S values that maximize the figure of merit; and (3) eliminating
the last term if the merit score falls below a particular threshold. The R package stats
(v3.6.2) [44], which incorporates PPR, was used with default hyperparameters to determine
the goodness of fit for each variable.

MARS and PPR were utilized to quantify the feature importance of drilling metrics
with the goal of understanding the complex, multi-variate relationships between MWD
features and in situ geochemical signatures. These feature-importance-based methods were
applied to MWD data for both short and big n-terms (basic functions of 101 and 201 for
MARS, and terms of 5 and up to 50 for PPR, respectively). Furthermore, the purpose was
to determine whether complex models with larger n-terms would model links between
geochemical assays and MWD data better than simpler models with smaller n-terms.

2.5. Regression-Based ML Methods

Neural Networks (NNs) are the only regression-based ML algorithms that have been
used to address subsurface geophysical intensity with moderate success [19]. However,
this study employed a variety of regression-based ML techniques, including Support Vector
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Machines (SVMs), Random Forests (RFs), Gaussian Process Regression (GPR), Linear
Regression (LR), and Decision Trees (DTs), to investigate the effectiveness of these models
to correlate geophysical properties with MWD data, as shown in Table 3.

Table 3. The regression-based ML classes and subclasses utilized include Linear Regression (LR),
Decision Trees (DTs), Support Vector Machines (SVMs), Random Forests (RFs), Gaussian Process
Regression (GPR), and Neural Networks (NNs).

Class Linear Regression
(LR)

Decision Trees
(DTs)

Support Vector Machines
(SVMs)

Random Forests
(RFs)

Gaussian Process Regression
(GP)

Neural Networks
(NNs)

Subclass

− Linear
− Interactions
− Robust
− Stepwise

− Fine
− Medium
− Coarse

− Linear
− Quadratic
− Cubic
− Fine Gaussian
− Medium Gaussian
− Coarse Gaussian

− Boosted
− Bagged

− Squared Exponential
− Matern 5/2
− Exponential
− Rational Quadratic

− Narrow
− Medium
− Wide
− Bilayered
− Trilayered

Su et al. defined LR as a simple linear model that attempts to fit a line to a given
dataset [45]. LR works well when the input and output variables are linearly related.
However, LR algorithms may miss complex multivariate relationships. In contrast, DTs
use recursive partitioning and key attributes to divide the data into smaller subgroups [46].
These trees can efficiently capture nonlinear interactions, but improper pruning may lead
to overfitting. SVMs seek to determine the optimal hyperplane for classifying data [47].
They can effectively manage nonlinear relationships and high-dimensional data using
kernel methods. Breiman defines RFs as a combination of several DTs to improve efficiency,
prevent overfitting, and manage nonlinear relationships [48]. GPR examines the output
variable as a Gaussian distribution to identify the function that most closely approximates
the data [49]. The GPR method considers nonlinear interactions and provides a probabilistic
prediction of the outcome. Bishop describes NNs as flexible nonlinear models because they
are modeled after the human brain, consisting of interconnected layers of neurons [50].
NNs reflect complicated relationships and work well with high-dimensional data but are
susceptible to overfitting if not adequately regulated.

This study evaluated the predictive ability of regression-based ML algorithms and
performed the calculations on a Pawsey Supercomputer Nimbus cloud Ubuntu instance
with 8 vCPUs and 32 GB of memory. The Regression Learner Toolbox in MATLAB (R2024A)
was used with default hyperparameters and no optimization for each respective regression-
based ML method to generate models and assess prediction performance [51]. The co-
efficient of determination (R2) and root mean square error (RMSE) metrics were used to
compare the performance of various models, defined by the following criteria:

R2 = 1 − RSS
TSS

= 1 −
(

∑N
i=1(yi − f (xi))

2

∑N
i=1(yi − y)2

)
(3)

RMSE =

√
1
N

∗ ∑N
i=1 (yi − f (x i))

2 (4)

where RSS is the sum of squares of residuals, TSS is the total sum of squares, N is the
sample size, yi is the measured value, f (x i) is the predicted value, and y is the mean.

3. Results
A preliminary investigation of the MWD features (rop, tor, fob, and bap) collected

from sensors on the drills was conducted to comprehend the data’s range and frequency.
Significant variations in rop and fob can be attributed many factors, including inconsistencies
in mining equipment, operator competence, bit degradation, and rock mass properties [52].
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Therefore, a single variable analysis of these features may not adequately capture the
nonlinear correlations between MWD and geophysical measurements.

Figure 2a–d depict the first four MWD datapoints from the COM, respectively. The
COM rop displayed a balanced distribution, averaging 0.0248 m/s with a standard deviation
of 0.010 m/s. Similarly, as shown in Figure 2b, the COM tor responses also have a typical
distribution, with a mean of 3.41 Nm and a standard deviation of 1.06 Nm. On the other
hand, Figure 2c depicts the skewed distribution of the COM fob with a mean of 97,945 kgf
and a standard deviation of 78,524 kgf. Figure 2d displays a normal distribution for the
COM bap, with values ranging from 230,300 kgf/cm2 to 439,400 kgf/cm2, a mean value of
335,550 kgf/cm2, and a standard deviation of 49,384 kgf/cm2.
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Upon examination of the COM geophysical data presented through violin plots in
Figure 3, distinct patterns were observed. The COM dens measurements exhibit a uniform
distribution, suggesting consistent rock densities across the studied region. In contrast,
the COM res data are notably skewed towards lower values, indicating predominant low
resistivity, with occasional higher resistivity regions. In addition, the COM gamma and
COM magsus measurements present more variable distributions, signifying a diverse range
of rock properties. Lastly, the COM cal data demonstrate symmetry, indicating consistent
borehole sizes. While certain measurements like dens and cal indicate uniformity, gamma
and magsus highlight variability in subsurface geophysical conditions.
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3.1. Feature-Importance-Based Results

The importance of the investigated MWD response features in inferring geophysical
measures was investigated. Small and large n-terms MARS and PPR models were devel-
oped to determine whether more complex ML methods would be advantageous during
subsequent predictive modeling.

The percentages presented in Tables 4 and 5 were calculated by adding the relative
weights of each attribute and dividing by the total for MARS and PPR, respectively. These
percentages can be categorized into three different groups: (a) 0% relative feature impor-
tance, where MWD features were deemed irrelevant by MARS and PPR in predicting
orebody quality measures; (b) greater than 0% but less than 5% relative feature importance
(minor importance), indicating a slight influence on the prediction of orebody quality
measures; and (c) exceeding 5% relative feature importance.

Table 4. MARS-derived feature importance of MWD measures in predicting COM geophysical
values. Importance is expressed as relative percentage of cumulative value for each specific scenario.
Scenarios considered include both small (101) and large (201) n-terms (basis functions).

MWD Feature Density Gamma Magnetic
Susceptibility Resistivity Caliper

MARS n-Terms 101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

rop 7 7 10 10 6 6 3 4 11 11
tor 7 7 9 9 8 8 8 7 0 0
fob 1 1 0 0 4 4 1 1 0 0
bap 5 4 2 2 0 0 10 10 0 0
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Table 4. Cont.

MWD Feature Density Gamma Magnetic
Susceptibility Resistivity Caliper

MARS n-Terms 101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

101
(%)

201
(%)

roptor 7 7 7 7 6 6 9 9 18 18
ropbap 6 6 7 7 0 0 8 10 0 0
ropfob 6 6 5 5 1 0 6 5 0 0
torrop 7 7 8 8 10 10 4 8 2 2
torbap 8 8 5 5 5 5 12 12 0 0
torfob 6 6 4 4 13 13 5 5 7 7
baprop 10 9 8 8 9 9 3 3 15 15
baptor 4 4 9 9 10 10 6 8 0 0
bapfob 2 1 0 0 9 9 0 0 0 0
fobrop 1 1 0 0 0 0 1 1 14 14
fobtor 6 5 5 5 4 4 6 5 7 7
fobbap 9 9 8 8 2 2 10 2 10 10
ropS 0 0 7 7 0 0 0 0 0 0
torS 3 6 6 6 6 6 6 9 5 5
fobS 3 3 0 0 2 2 0 0 12 12
bapS 3 2 0 0 5 5 0 0 0 0

Table 5. PPR-derived feature importance of MWD measures in predicting COM geophysical val-
ues. Importance is expressed as relative percentage of cumulative value for each specific scenario.
Scenarios considered include both small (5) and large (<50) n-terms (basis functions).

MWD Feature Density Gamma Magnetic
Susceptibility Resistivity Caliper

PPR n-Terms 5
(%)

<50
(%)

5
(%)

<50
(%)

5
(%)

<50
(%)

5
(%)

<50
(%)

5
(%)

<50
(%)

rop 0 0 0 0 0 0 0 0 0 0
tor 0 0 0 0 0 0 0 0 0 0
fob 16 18 11 17 21 21 4 8 3 9
bap 7 4 7 8 5 8 1 18 3 9

roptor 0 0 0 0 0 0 0 0 0 0
ropbap 0 0 0 0 0 0 0 0 0 0
ropfob 0 0 0 0 0 0 0 0 0 0
torrop 19 2 25 9 18 5 9 3 21 12
torbap 0 0 0 0 0 0 0 0 0 0
torfob 0 0 0 0 0 0 0 0 0 0
baprop 28 5 29 6 13 12 11 11 49 6
baptor 7 4 8 4 8 4 7 4 7 19
bapfob 4 8 3 13 7 10 19 16 3 24
fobrop 11 12 4 33 14 28 11 20 6 14
fobtor 5 37 8 6 9 9 34 1 3 5
fobbap 0 0 0 0 0 0 0 0 0 0
ropS 0 0 0 0 0 0 0 0 0 0
torS 0 0 0 0 0 0 0 0 0 0
fobS 3 9 2 3 5 1 2 17 1 1
bapS 0 1 4 2 1 1 2 2 3 1

The findings suggest that the relative importance of features remains stable across
models with both small and large term counts. Despite the apparent consistency in both n-
term models, MARS and PPR analyses assigned varying degrees of importance to different
features. For instance, when using the COM dataset, the MARS method identified 15 out
of 20 of the MWD measures as crucial in inferring dens (Figure 4a), with the exceptions
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being fob, bapfob, fobrop, fobS and bapS. Most features were identified as important due to the
MARS method, which involves searching for relationships between variables. Conversely,
the PPR approach determined that only half of the MWD features were important, with
only five variables being greater than or around ten percent: fobrop, fob, bapfob, torrop,
and bap. (Figure 4b). PPR implies that the remaining MWD features exert minimal to no
influence on the prediction of orebody quality, possibly due to the lack of consideration for
nonlinear interaction among features in the PPR model. Thus, to encompass all potential
significant MWD features, MARS and PPR methodologies were employed.
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Figure 5 provides a comparative analysis of the significance of the MWD features
for gamma, dens, magsus, res, and cal COM dataset, as determined by the MARS and PPR
methodologies. These results correspond to the top ten most important MWD features
discovered in the dens analysis (Figure 4). The MWD characteristic fobrop routinely emerges
as highly important in this study’s datasets, along with bapfob, baprop, fob, bap, and fobtor. It
is important to note, however, that this does not diminish the importance of other MWD
features; rather, it highlights those that are frequently identified as important.

As shown in Tables 4 and 5, the importance of features for evaluating dens varies
across different datasets when the MARS and PPR methodologies are applied. The six
MWD variables deemed most important for predicting den from the analyzed BIF deposits
are fobrop, fobtor, bapfob, torrop, baprop, and baptor, in accordance with the peak importance
findings (Figure 5). This result generally corresponds to the importance of MWD features
identified for gamma, magsus, res, and cal (Figure 4). The ratios fobrop, fobtor, bapfob, torrop,
baprop, and baptor carried more importance than the primary rop and tor variables, the
rop-influenced ratios roptor, ropbap, and ropfob, as well as the variability-related metrics ropS,
torS, and bapS. On the other hand, fob was identified as highly important from PPR but was
very low or missing in the MARS rankings.
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3.2. Regression-Based ML Analytical Prediction Results

The following sections evaluate the prediction strength of several kinds of regression-
based ML regression models for predicting geophysical measurements of an orebody. The
investigated geophysical measurements included dens, gamma, magsus, res, and cal, and
they were predicted based on the MWD input features described in Table 2. This analysis
required validating the proposed ML analytical procedure with a variety of geophysical
signatures to establish theoretical precision.

A 10-fold cross-validation technique revealed the training dataset’s prediction strength.
The datasets were split into 80% for training and 20% for testing. The testing results are
reported as RMSE value, with the R2 value being the average of the 10 folds during
cross-validation. In addition, a threshold of twenty-four hours of computation time was
established due to practical limitations regarding calculation speed for real-time analysis.
Consequently, several GP-based analyses were prematurely terminated and categorized
as nonapplicable (N/A). Moreover, scatter plots are useful for visualizing individual
predictions but may not effectively convey comparative model performance across multiple
geophysical parameters. Tables provide a comprehensive view of RMSE and R2 across
different models, allowing for a direct evaluation of their relative strengths and weaknesses.

A preliminary investigation was conducted using the Coarse DT method to determine
whether additional MWD features beyond rop, tor, fob, and bap would strengthen the pre-
diction performance of regression-based ML models. The results are listed in Table 6. Based
on these results showing that 14 out of 15 models performed better with the additional
features, the decision was made to incorporate the ratio and moving standard deviation
(Table 2) MWD features in all of the investigated predictive ML models. The res models did
not improve as much as the others, possibly due to smaller numbers of observations due to
this geophysical sonde not being used in every drillhole.
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Table 6. Prediction performance of DT models using only 4 measured MWD features and all 20
investigated MWD features. Higher performing models are in bold.

Geophysical Measurement

BR MM COM

Measured Additional Measured Additional Measured Additional

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

dens 0.33 0.57 0.29 0.68 0.37 0.51 0.34 0.59 0.34 0.56 0.30 0.66
gamma 15.47 0.50 14.01 0.59 13.62 0.65 10.67 0.78 15.53 0.51 13.67 0.62
magsus 848 0.70 701 0.80 389 0.24 376 0.29 845 0.68 680 0.79

res 582 0.27 554 0.34 697 0.31 705 0.29 650 0.29 631 0.33
cal 1.12 0.68 0.93 0.78 1.19 0.61 1.03 0.70 1.16 0.66 0.94 0.78

3.2.1. Density and Gamma Prediction

The regression results for estimating dens and gamma values using ML models such
as LR, DTs, SVMs, RFs, GP, and NNs are detailed in Tables 7 and 8, respectively. The R2

values of models utilizing BR data to predict dens and gamma were marginally superior to
those utilizing MM and COM datasets. This discrepancy may be attributable to the BR and
MM datasets containing different quantities of data.

Table 7. R2 and RMSE results of regression-based ML models to predict dens values from MWD data.
Highest performing model results are in bold. All 20 MWD features were incorporated into models.
Standard deviations (std) from 10-fold cross-validation are reported for RMSE and R2.

Regression-Based
ML Class

Regression-Based
ML Suclass

BR MM COM

RMSE
(t/m3) R2 RMSE

(t/m3) R2 RMSE
(t/m3) R2

LR

Linear 0.49 0.06 0.49 0.13 0.50 0.05
Interactions 0.55 0.00 0.45 0.28 0.79 0.00
Robust 0.49 0.06 0.50 0.13 0.50 0.04
Stepwise 0.48 0.12 0.44 0.32 0.49 0.09

DTs
Fine 0.22 0.81 0.27 0.74 0.23 0.80
Medium 0.25 0.76 0.29 0.69 0.25 0.75
Coarse 0.29 0.68 0.34 0.59 0.30 0.66

SVMs

Linear 0.49 0.05 0.50 0.12 0.50 0.04
Quadratic 0.46 0.17 0.41 0.40 0.48 0.13
Cubic 0.37 0.46 0.31 0.66 0.56 0.00
Fine Gaussian 0.31 0.63 0.25 0.77 0.32 0.61
Medium Gaussian 0.40 0.39 0.37 0.50 0.43 0.28
Coarse Gaussian 0.48 0.09 0.48 0.18 0.49 0.07

RFs
Boosted 0.46 0.19 0.41 0.41 0.47 0.16
Bagged 0.21 0.83 0.24 0.80 0.21 0.82

GPs

Squared Exponential 0.28 0.70 0.23 0.81 0.27 0.72
Matern 5/2 0.27 0.72 0.22 0.82 0.26 0.73
Exponential 0.22 0.82 0.19 0.87 0.22 0.81
Rational Quadratic 0.20 0.84 0.20 0.86 0.22 0.82

NNs

Narrow 0.44 0.24 0.35 0.56 0.45 0.21
Medium 0.38 0.42 0.29 0.69 0.41 0.36
Wide 0.32 0.61 0.24 0.79 0.34 0.55
Bilayered 0.41 0.36 0.33 0.62 0.43 0.29
Trilayered 0.40 0.38 0.31 0.65 0.42 0.33
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Table 8. R2 and RMSE results of regression-based ML models used to predict gamma values from
MWD data. Highest performing model results are in bold. 20 All MWD features were used in these
models. Standard deviations (std) from 10-fold cross-validation are reported for RMSE and R2.

Regression-Based
ML Class

Regression-Based
ML Suclass

BR MM COM

RMSE
(API) R2 RMSE

(API) R2 RMSE
(API) R2

LR

Linear 21.30 0.06 20.52 0.20 21.53 0.06
Interactions 21.53 0.04 17.81 0.40 22.38 0.00
Robust 21.47 0.04 22.83 0.01 21.71 0.04
Stepwise 20.75 0.11 16.23 0.50 N/A N/A

DTs
Fine 10.24 0.78 0.80 0.88 10.00 0.80
Medium 11.90 0.71 8.79 0.85 11.58 0.73
Coarse 14.01 0.59 10.67 0.78 13.67 0.62

SVMs

Linear 21.49 0.04 22.02 0.08 21.71 0.04
Quadratic 20.39 0.14 15.45 0.55 20.70 0.13
Cubic 18.33 0.30 10.05 0.81 27.88 0.00
Fine Gaussian 16.13 0.46 7.56 0.89 16.02 0.48
Medium Gaussian 18.63 0.28 12.76 0.69 19.19 0.25
Coarse Gaussian 20.96 0.09 21.03 0.16 21.24 0.08

RFs
Boosted 19.92 0.18 13.86 0.63 20.03 0.18
Bagged 9.65 0.81 7.04 0.91 9.43 0.82

GPs

Squared Exponential 14.31 0.58 6.73 0.91 13.30 0.64
Matern 5/2 13.72 0.61 6.52 0.92 13.24 0.64
Exponential 10.93 0.75 6.32 0.92 N/A N/A
Rational Quadratic N/A N/A 6.51 0.92 N/A N/A

NNs

Narrow 19.70 0.20 11.61 0.74 19.98 0.19
Medium 18.17 0.32 8.87 0.85 18.61 0.30
Wide 16.03 0.47 6.88 0.91 16.22 0.47
Bilayered 18.92 0.26 9.34 0.83 19.19 0.25
Trilayered 18.84 0.26 9.41 0.83 19.28 0.24

Among all COM models, those employing LR and SVMs consistently produced the
least accurate predictions for dens and gamma with R2 values below 0.50 (Tables 7 and 8). In
contrast, models constructed with DTs, RFs, and GP yielded the highest R2 values for dens
and gamma predictions, with both achieving 0.80. These high-performing DTs, RFs, and
GP models yielded an average RMSE of approximately 0.21 t/m3 for dens and 9.42 API for
gamma. GP displayed the most accurate predictions, with R2 values of 0.87 and 0.92 and
RMSEs of less than 0.19 t/m3 and 6.32 API for MM dens and gamma, respectively.

Within each ML algorithm class, significant differences were observed between the
subclasses of ML outlined in Table 3. As an example, the Bagged (Bootstrapped Aggregate)
Tree method outperformed the Boosted Tree RFs in predicting densities and gamma, with an
R2 value of approximately 0.82 for both geophysical measurements. Similarly, Wide NNs
consistently outperformed other NN types, with peak R2 values of 0.54 and 0.43 for dens
and gamma, respectively, and the lowest RMSE values of 0.35 t/m3 for dens and 16.68 API
for gamma. Lastly, a Fine Tree DT correlation value of 0.80 for both dens and gamma was
obtained, which is superior to those of the Medium and Fine parameters.

Figure 6a–f depict the ML analytical prediction results compared to actual wireline
measured dens values for the best-performing LR, DTs, SVMs, RFs, GP, and NNs models.
The Bagged RF models had the strongest correlation with an R2 value of 0.82. The DT
models generated a slightly weaker R2 value of 0.80. However, the training speed of
the DT models was over 10 times that of the Bagged RF models, at around 400 with
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35 observations per second, respectively. Furthermore, although density is often considered
a relatively stable parameter, its prediction using MWD data remains complex due to
inherent sensor noise, operational variability, and small-scale geological heterogeneity. The
errors observed in Figure 6 reflect these real-world challenges, reinforcing the need for
further data integration approaches.
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In addition, a series of three-level experiments with variable input parameters were
conducted to correspond to the three primary levels of relative feature significance de-
termined by MARS and PPR in Section 3.1, namely 0%, less than 5%, and over 5%. The
objective of this method was to determine the effect of omitting MWD features deemed
to be of minimal importance. The experimental design included (1) all 20 MWD features,
including those with 0% relative importance, (2) the exclusion of MWD features identified
as having 0% relative importance, and (3) the removal of MWD features classified as having
less than 5% importance, which was designated as minor importance.

Interestingly, the elimination of minor importance features had no effect on prediction
performance when compared to the use of all features (Figure 7). With the gamma COM
dataset, most instances exhibited less than a 0.05 decrease in R2, whereas the Fine Tree and
Medium Tree DT techniques demonstrated 0.19 and 0.06 enhancements in R2, respectively.
Nonetheless, there was a consistent increase in training speed for dens and gamma DTs,
as well as dens NNs, when marginally significant features were used over all features
(Figure 7). In contrast, when utilizing all features, gamma NNs models demonstrated faster
training rates and higher R2 values. This anomaly may be due to the inherent dynamics
of the NN method, which has difficulty establishing relationships between these datasets
using marginally significant features, resulting in lower R2 values.
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3.2.2. Magsus and Res Prediction

The prediction results of magsus and res geophysical measurements using various ML
models, including LR, DTs, SVMs, RFs, GP, and NNs, are presented in Tables 9 and 10.
Interestingly, the DT models showed consistent performance across the BR, MM, and COM
datasets, with R2 variances of less than 0.02 between them. In contrast, the NN models
demonstrated a notable performance improvement on the MM dataset. This divergence
aligns with the observations made for dens and gamma (see Section 3.2.1) and could be
attributed to the disparity in data volume between the BR and MM datasets, a point that
requires more investigation.
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Table 9. R2 and RMSE results of regression-based ML models used to predict magsus values from
MWD data. Highest performing model results are in bold. All 20 MWD features were used in these
models. Standard deviations (std) from 10-fold cross-validation are reported for RMSE and R2.

Regression-Based
ML Class

Regression-Based
ML Suclass

BR MM COM

RMSE
(m3kg−1) R2 RMSE

(m3kg−1) R2 RMSE
(m3kg−1) R2

LR

Linear 1505 0.06 435 0.05 1446 0.05
Interactions 1490 0.08 388 0.24 1464 0.03
Robust 1625 0.00 453 0.00 1552 0.00
Stepwise 1450 0.13 N/A N/A 1387 0.13

DTs
Fine 518 0.89 260 0.66 499 0.89
Medium 564 0.87 291 0.57 542 0.87
Coarse 701 0.80 375 0.29 680 0.79

SVMs

Linear 1606 0.00 450 0.00 1537 0.00
Quadratic 1498 0.07 443 0.01 1468 0.03
Cubic 1306 0.30 389 0.24 1403 0.11
Fine Gaussian 1081 0.52 375 0.29 1105 0.45
Medium Gaussian 1366 0.23 438 0.03 1403 0.11
Coarse Gaussian 1576 0.00 450 0.00 1517 0.00

RFs
Boosted 1171 0.43 298 0.55 1134 0.42
Bagged 486 0.90 253 0.68 457 0.91

GPs

Squared Exponential 668 0.82 252 0.68 646 0.81
Matern 5/2 667 0.82 254 0.68 590 0.84
Exponential 504 0.90 N/A N/A 471 0.90
Rational Quadratic 483 0.90 N/A N/A 484 0.89

NNs

Narrow 1093 0.51 307 0.53 1114 0.44
Medium 1019 0.57 287 0.59 1030 0.52
Wide 865 0.69 262 0.66 902 0.63
Bilayered 997 0.59 295 0.56 1012 0.54
Trilayered 971 0.61 276 0.62 986 0.56

The DT approaches produced R2 values ranging from 0.79 to 0.89 when applied to
COM magsus data. However, the res COM DT models were remarkably lower than the
magsus data, ranging from 0.32 to 0.58. This discrepancy could be due to the res dataset
having around 10 times less data due to inconsistent wireline logging practices, as res
was not measured on the same number of holes as magsus. Moreover, the relatively weak
prediction performance of res can be attributed to the lack of intrinsic correlation between
drilling parameters and resistivity in formations devoid of conductive minerals. Since res
primarily depends on pore fluid content rather than mechanical drilling forces, ML models
face inherent challenges in accurately modeling this relationship.

Certain ML subclasses outperformed others within the same ML class, a pattern
consistent with those discovered for dens and gamma. For example, Fine DTs consistently
outperformed Medium and Coarse DTs in both the COM magsus and res datasets. Moreover,
in the predictions for magsus and res, Bagged RFs performed better than Boosted Tree RFs.
Likewise, Wide NNs consistently outperformed other NN subclasses, with the R2 values
for magsus and res reaching maximums of 0.63 and 0.49, respectively. Fine Gaussian
SVMs achieved R2 values greater than 0.44 for magsus and Cubic SVMs of 0.22 for res,
demonstrating a wide range of outcomes. In contrast, the R2 values of Linear and Coarse
Gaussian SVMs were all 0.00.

With R2 values exceeding 0.60 for electrical geophysical predictions, GPs consistently
generated reliable results across all GP subclasses. Nonetheless, as shown in Figure 8, GP
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models required a prolonged computation time than methods such as DTs, RFs, and NNs.
However, no significant decrease in prediction performance was observed when models
excluded features with less than 5% importance in comparison to models that included
all features. Certain models, including most created with Stepwise LR, Exponential GPR,
and Rational Quadratic GPR, had to be stopped after 24 h; therefore, their results are not
included here.

Table 10. R2 and RMSE results of regression-based ML models used to predict res values from MWD
data. Highest performing model results are in bold. All 20 MWD features were used in these models.
Standard deviations (std) from 10-fold cross-validation are reported for RMSE and R2.

Regression-Based
ML Class

Regression-Based
ML Suclass

BR MM COM
RMSE
(Ωm) R2 RMSE

(Ωm) R2 RMSE
(Ωm) R2

LR

Linear 21.30 0.06 20.52 0.20 21.53 0.06
Interactions 21.53 0.04 17.81 0.40 22.38 0.00
Robust 21.47 0.04 22.83 0.01 21.71 0.04
Stepwise 20.75 0.11 16.23 0.50 N/A N/A

DTs
Fine 10.24 0.78 0.80 0.88 10.00 0.80
Medium 11.90 0.71 8.79 0.85 11.58 0.73
Coarse 14.01 0.59 10.67 0.78 13.67 0.62

SVMs

Linear 21.49 0.04 22.02 0.08 21.71 0.04
Quadratic 20.39 0.14 15.45 0.55 20.70 0.13
Cubic 18.33 0.30 10.05 0.81 27.88 0.00
Fine Gaussian 16.13 0.46 7.56 0.89 16.02 0.48
Medium Gaussian 18.63 0.28 12.76 0.69 19.19 0.25
Coarse Gaussian 20.96 0.09 21.03 0.16 21.24 0.08

RFs Boosted 19.92 0.18 13.86 0.63 20.03 0.18
Bagged 9.65 0.81 7.04 0.91 9.43 0.82

GPs

Squared Exponential 14.31 0.58 6.73 0.91 13.30 0.64
Matern 5/2 13.72 0.61 6.52 0.92 13.24 0.64
Exponential 10.93 0.75 6.32 0.92 N/A N/A
Rational Quadratic N/A N/A 6.51 0.92 N/A N/A

NNs

Narrow 19.70 0.20 11.61 0.74 19.98 0.19
Medium 18.17 0.32 8.87 0.85 18.61 0.30
Wide 16.03 0.47 6.88 0.91 16.22 0.47
Bilayered 18.92 0.26 9.34 0.83 19.19 0.25
Trilayered 18.84 0.26 9.41 0.83 19.28 0.24
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3.2.3. Caliper Predictions

Table 11 displays the results of cal prediction using the LR, DT, SVM, RF, GP, and
NN models. The BR, MM, and COM models all had relatively consistent R2 and RMSE
values. These results contrast with the differences between the BR and MM observed in the
dens, gamma, magsus, and res results, indicating the need for an additional investigation to
understand the differences between the BR and MM results.

Table 11. R2 and RMSE results of regression-based ML models used to predict cal values from MWD
data. Highest performing model results are in bold. All 20 MWD features were used in these models.
Standard deviations (std) from 10-fold cross-validation are reported for RMSE and R2.

Regression-Based
ML Class

Regression-Based
ML Suclass

BR MM COM

RMSE
(cm) R2 RMSE

(cm) R2 RMSE
(cm) R2

LR

Linear 1.92 0.07 1.70 0.20 1.92 0.06
Interactions 2.56 0.00 1.57 0.31 3.81 0.00
Robust 2.00 0.00 1.75 0.15 1.99 0.00
Stepwise 1.85 0.14 1.40 0.45 1.84 0.14

DTs
Fine 0.76 0.85 0.71 0.86 0.76 0.85
Medium 0.79 0.84 0.81 0.82 0.80 0.84
Coarse 0.93 0.78 1.03 0.70 0.94 0.78

SVMs

Linear 1.98 0.01 1.76 0.14 1.97 0.01
Quadratic 1.82 0.17 1.34 0.50 1.85 0.13
Cubic 1.47 0.46 0.97 0.74 1.91 0.07
Fine Gaussian 1.08 0.71 0.70 0.86 1.12 0.68
Medium Gaussian 1.58 0.37 1.19 0.61 1.70 0.26
Coarse Gaussian 1.94 0.05 1.67 0.22 1.94 0.05

RFs
Boosted 1.77 0.21 1.34 0.50 1.79 0.19
Bagged 0.71 0.87 0.62 0.89 0.70 0.87

GPs

Squared Exponential 0.85 0.82 0.63 0.89 0.83 0.82
Matern 5/2 0.83 0.83 0.61 0.90 0.81 0.83
Exponential 0.71 0.87 0.53 0.92 0.70 0.88
Rational Quadratic 0.75 0.86 0.58 0.91 0.75 0.86

NNs

Narrow 1.67 0.30 1.15 0.63 1.74 0.23
Medium 1.47 0.45 0.91 0.77 1.57 0.37
Wide 1.09 0.70 0.68 0.87 1.21 0.63
Bilayered 1.57 0.37 1.03 0.70 1.64 0.32
Trilayered 1.50 0.43 1.02 0.71 1.58 0.37

Examining the predictive performance of these models reveals that all variants of LR
models, including Linear, Interactions, Robust, and Stepwise, consistently underperformed
with R2 values lower than 0.45. In contrast, models built with SVMs, RFs, GP, and NNs
provided more accurate predictions, with maximum R2 values of 0.86, 0.89, 0.92, and 0.87,
respectively, and an average RMSE of approximately 0.63 cm.

Among these models, Bagged RFs and Wide NNs delivered the best predictive results
within their respective ML classes, with RMSEs of 0.62 cm and 0.68 cm, respectively. On
the COM dataset, DTs produced R2 values of 0.76, 0.80, and 0.94 for the Coarse, Medium,
and Fine parameters, respectively. SVMs displayed the most variable results based on the
chosen method, with Fine Gaussian achieving an R2 value of up to 0.86 and Linear, Cubic,
and Coarse Gaussian yielding R2 values below 0.50 and a 1.34 cm RMSE.

Experiments that excluded features with less than 5% (minor) importance had no
appreciable impact on the cal prediction accuracy. Compared to the trials that included all
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MWD features, as shown in Figure 9, this feature exclusion sped up the model training times.
DTs and NNs emerged as the quickest training methods with around 600,000 observations
per second, whereas GP computations were around 300× more time-consuming with
around 2000 observations per second. The models utilizing Exponential GPR (for BR < 5%
and MM < 5%) and Rational Quadratic GPR (for BR < 5%, MM < 5%, COM all, and
COM < 5%) were discontinued after 24 h, and their results are therefore not presented.
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4. Discussion
This study demonstrates the effectiveness of feature-importance-based methods and

regression-based ML techniques in estimating subterranean geophysical signatures from
MWD data, thereby increasing orebody knowledge. Tables 4 and 5 reveal that the success of
predictive modeling of the five investigated geophysical properties depends primarily on
two factors: the characteristics of the on-site host rock, as represented by MWD data, and
its distribution across various mining locations, as well as the quantity of data. While the
absolute predictive accuracy of some models remains limited, this study provides crucial
insights into which MWD variables contribute the most to predictive performance. These
findings can guide future work in refining data preprocessing, feature selection, and hybrid
modeling approaches that integrate geophysical constraints.

The impact of data volume (Table 1) is particularly significant, as greater amounts of
MWD data improve the robustness and generalizability of regression-based ML models.
Conversely, in scenarios with lower data availability or reduced data resolution, model
performance may degrade, raising the question of whether alternative approaches might be
more suitable. Future work should investigate the minimum viable amount of MWD data
required for this approach to remain effective, particularly in settings where data sparsity is
a constraint. Moreover, for parameters like resistivity, where intrinsic geological correlation
with MWD features is weak, ML models struggled to achieve high predictive accuracy. This
highlights the necessity of incorporating domain knowledge when interpreting ML outputs.

Though the scope of this study was confined to five geophysical properties, it has
the potential to be extended to other measurements such as acoustic, neutron porosity,
dip-meter, spontaneous potential, or nuclear magnetic resonance. This study departs
from prior research by showing the importance of MWD ratio features, such as fobrop,
fobtor, bapfob, torrop, baprop, and baptor, in addition to fob. Earlier research emphasized
rop and tor, utilizing PCA to determine the most important MWD measurements for rock
type identification [9,12,14,17,19,34]. In contrast with the PCA-based feature selection
in MWD data, feature-importance-based ML methodologies, such as MARS and PPR,
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revealed previously unobserved complex relationships between MWD features and rock
mass characteristics such as those derived from bap.

The differences in feature importance evaluations between MARS and PPR result
from the underlying mechanics of these algorithms. The MARS technique evaluates the
correlation between MWD features and geophysical signatures, therefore expanding the
range of relevant MWD features (Table 4). On the other hand, PPR evaluates the influence
of each feature on data projections and determined that half of the drilling features were
not important (Table 5).

Moreover, when compared to their smaller equivalents, larger n-term MARS and
PPR models did not offer a more robust depiction of correlations between MWD data
and geophysical measurements [53]. The consistent performance of DTs and Bagged RFs,
with R2 prediction values exceeding 0.80 across most ML models, as shown in Tables 7–11,
suggests that complex ML models may not always provide superior predictive capabilities.
Furthermore, more complex models like SVMs struggle with non-scaled features and
imbalanced datasets where one class of features dominates. In this case, the drill rig type
and hole diameter may be two factors, as the larger rigs drilled more wider-diameter
production holes than smaller rigs drilling narrower holes for wall control.

This study also examined regression-based ML model prediction performance when
minor importance features were eliminated for approximating geophysical signatures.
It was found that discarding MWD features of minor significance could increase the
processing speed without significantly compromising prediction accuracy. The predictive
performance of most models remained stable when less important features were omitted.
Despite a slight decline in predictive performance, the accelerated training durations for
larger datasets suggest that excluding less important features is advantageous.

In addition, the choice of the regression-based ML analytical model, whether GP,
NNs, or RFs, had little effect on the ML prediction outcomes, indicating that the predictive
accuracy was primarily dependent on the quality of the extracted features. This observation
is consistent with the findings, which observed comparable prediction abilities among
diverse ML models for rock types and geochemical assay results [8,18,31]. In particular, the
prediction accuracy of geophysical measurement estimates for dens, gamma, magsus, res, and
cal using DTs, SVMs, RFs, GPs, and NNs models in the BR dataset was much higher than
in the MM or COM datasets. A great deal of these variances can be traced to differences in
data volume between the two datasets. The differences in geological composition between
the Brockman and Marra Mamba Formations may also account for the residual differences
in predictive power between BR and MM studies.

5. Conclusions
This study introduced a method for evaluating subsurface geophysical characteristics

by applying feature-importance-based methods and regression-based ML algorithms to
MWD data. The ability of feature-importance-based methods to unveil the “black box”
nature of ML methods enable greater interpretation and acceptance of these models. A
framework was developed to assess the importance of MWD data features in estimating
the geophysical properties of an orebody, including density, gamma, magnetic susceptibility,
resistivity, and hole diameter. Through MARS and PPR feature importance analyses,
MWD features were grouped based on their importance as negligible (0%), minor (<5%),
or significant (>5%). Notably, several previously unrecognized MWD attributes, such
as fob, and ratios derived from MWD features—fobrop, fobtor, bapfob, torrop, baprop, and
baptor—were found to have significant importance in determining geophysical attributes.
Future work will also be extended to the use of other feature importance algorithms, such
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as Shapley value regression, which are increasingly used as tools in variable importance
analysis in other fields [54,55].

Considering the varying importance of MWD features, we compared the prediction
performance of various regression-based ML analytical methodologies, omitting specific
features at distinct levels, considering the varying importance of the MWD features. The
results indicate that omitting MWD attributes classified as having zero to minor importance
does not significantly diminish prediction accuracy. Therefore, the elimination of features
with low importance can reduce computation time without compromising the accuracy
of the ML model’s estimates. In addition, empirical data revealed correlations as high as
0.91 between MWD attributes and orebody geophysical predictive values when RF was
employed, validating the effectiveness of the proposed method.

Despite limitations in prediction accuracy, this study establishes a foundation for
MWD-based geophysical modeling, demonstrating the feasibility of ML applications while
identifying areas requiring further refinement. Future advancements in feature engineering
and hybrid modeling approaches may enhance practical applicability. While this study
highlights that ML provides powerful predictive capabilities, its utility is maximized when
combined with geological expertise to validate and interpret results appropriately.

These findings have significant implications for the mining industry. By utilizing
these models, mining professionals can estimate precise and reliable short-term ore and
waste tonnages. This predictive comprehension of orebody geophysical characteristics
is crucial for mining operations as it guides extraction and processing decisions. The
high-resolution geological data derived from these models enable the recovery of high-
grade ore containing economically valuable minerals. Through the high-resolution orebody
representation afforded by the methodologies outlined in this study, mining geologists
could better distinguish between high-grade, low-grade, and waste components. As a
result, mining engineers can develop optimal excavation strategies that minimize the
amount of waste material incorporated into processing facilities.
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2.1 Mine Site

The Pilbara region of Western Australia, recognized as 
Australia's primary source of exported iron ore, generated a 
substantial 874 million tons of iron ore in 2021 (Ker, 2021). 
The Brockman Formation deposit of the Hammersley Group 
Banded Iron Formation (BIF) was scrutinized in this study, 
esteemed as the most substantial sources of commercially 

2. METHODS

al., 2021; Lahat et al., 2019; Schunnesson, 1990). Moreover, 
there were no studies using a suitable method to assess the 
individual importance of each MWD metric in predicting 
geochemical features. 

This study evaluated orebody characteristics of mineralized
deposits in a Pilbara open pit mine using MWD data sourced 
from an Australian iron ore mine. A novel method is 
introduced that determines the feature importance of MWD 
input metrics, aiding in the selection of critical features for 
predictive orebody and grade modelling. This study also 
incorporates a comparative analysis of the predictive 
performance of various ML algorithms. Sophisticated 
analytics, such as the assessment of feature importance and 
ML predictive modelling, might yield a more accurate 
portrayal of an orebody from MWD data, superseding the 
current precision offered by resource development scale 
Reverse Circulation (RC) and blast-hole chip assays for short-
term grade-control models.

1. INTRODUCTION

The precise geochemical characterization of an orebody is 
critical for achieving mine production grade targets. However, 
traditional characterization methods necessitate intensive 
testing of drill hole cuttings, in which gaps between datapoints 
can be hundreds of meters (Sommerville et al., 2014). One 
technique that could resolve the geochemical uncertainty is 
MWD technology. It originated in the petroleum industry and 
was later adopted for open pit mining blast hole drilling 
systems in the 1970s, offers potential benefits (Barr, 1984). 
The technique outfits a blast hole drill rig with MWD sensors 
that collect continuous data and provide insight into subsurface 
penetration performance (Hatherly et al., 2015). 

Artificial Intelligence (AI) methods have been used to 
understand the intricate, nonlinear relationships between drill 
responses and subsurface composition from the vast quantities 
of MWD data (Basarir et al., 2017; Beattie, 2009; Galende-
Hernández et al., 2018; Kadkhodaie-Ilkhchi et al., 2010; 
Khorzoughi, 2011; Klyuchnikov et al., 2019; Martin, 2007; 
Navarro et al., 2021; Peck, 1989; Scoble et al., 1989; Segui and 
Higgins, 2001). Previous AI research using Machine Learning 
(ML) methods, has primarily focused on rock type detection to 
improve blast fragmentation, which does not adequately 
characterize geochemical conditions to optimize open pit 
orebody characterization. In contrast, only a few studies have 
used analytical methods on MWD responses to assess 
variations in subsurface geochemical conditions (Khushaba et 

Keywords: Measurement-While-Drilling (MWD), Orebody knowledge, Open pit, Feature importance, 
Machine learning, Grade estimation

Abstract: Due to limited resource definition and grade control drilling, conventional bench-scale 
geochemical exploration is frequently plagued by uncertainty, resulting in diminished processing plant 
efficiencies. The Measure-While-Drilling (MWD) system comprises a set of sensors designed to gather 
data pertaining to the performance of mining blast hole drill rigs. Previous MWD research primarily relied 
on penetration rate to identify rock type and estimate grade. This investigation uses Data Fusion and 
Machine Learning (ML) algorithms to characterize geochemical orebody quality values, such as iron 
percentage, phosphorous, sulfur, alumina, and silica content, based on MWD data collected at the field-
scale, thereby facilitating efficient mine planning and excavation. Feature importance algorithms identified 
novel significant MWD variables, such as force on bit and ratio of bit air pressure to penetration rate, which 
provide valuable insights into subsurface geochemical properties. The performance of various ML 
algorithms was compared, with the Random Forest algorithm demonstrating the highest coefficients of 
determination (up to 0.96), indicating accurate field or laboratory results prediction. As a result, this work 
demonstrates that MWD data can be used to obtain high-resolution orebody knowledge prior to mining, 
improving subsurface geochemistry prediction. This knowledge can optimize the excavation of high-grade 
material by minimizing dilution from lower-grade or waste rock entering the processing plant.
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viable Pilbara iron ore (De-Vitry et al., 2010). The Brockman 
Pit (BR) consisted of 211 RC holes, spanning a total depth of 
16,880 meters and averaging 80 meters per hole. The resource 
development data acquired from the BR holes was derived 
from laboratory assays of RC rock chips, reported geochemical 
properties. These include aluminum oxide (Al2O3), calcium 
oxide (CaO), iron (Fe), total loss of ignition (LOI), magnesium 
oxide (MgO), manganese (Mn), phosphorus (P), sulfur (S), 
silica oxide (SiO2), and titanium oxide (TiO2) at 2-metre 
intervals. This resource development dataset has undergone 
the mining company's Quality Assurance and Quality Control 
(QA/QC) procedure, eliminating the need for further data 
engineering.

2.2 Orebody Qualities

This analysis considers several orebody qualities including Fe, 
P, S, Al2O3, and SiO2. Fe stands as a key determinant of ore 
quality, regulating its classification into high-grade ore, low-
grade ore, or waste rock. Meanwhile, Al2O3, P, S and SiO2 are 
classified as impurities that could potentially disrupt the 
steelmaking process in a blast furnace. P and S are regarded as 
primary impurities, with S causing a reduction in steel's 
mechanical properties and resulting in red-shortness or 
brittleness when heated. P, on the other hand, escalates the 
metal's propensity to become cold-short, or brittle under low 
temperatures (Lu et al., 2013). Al2O3 and SiO2 are identified 
as secondary impurities, their impact on steelmaking deemed 
less significant than phosphorus and sulfur. Laboratory assays 
of rock chips report these orebody qualities.

2.3 Drilling System

In this work, MWD data was collected using 22 rotary blast 
hole rigs that were equipped with tricone Tungsten Carbide 
Insert bits (Figure 1). Bench heights in the iron-ore pits studied 
ranged from 8 to 12 meters, with sub-drilling occurring 
approximately 2 meters below the bench floor. The burden and 
spacing between production blast holes was approximately 7 
meters and 8 meters, respectively.

The drills were equipped with a MWD system, which 
facilitated the monitoring of several measurements including 
the rate of penetration, (rop; m/s), torque or rotary pressure 
(tor; Nm), force on bit (fob; kgf), also known as weight on bit, 
thrust or pulldown pressure, bit air pressure or flushing air 
medium (bap; kgf/cm), and rotary speed (rpm). Due to 
inconsistencies with the onboard sensor, rpm data was only 
available for about a quarter of the sample points, prompting 
the decision to remove rpm from the drilling variables. The 
time-series data from the MWD system was recorded by the 
drilling system. at intervals of approximately 0.1 meter along 
the blast hole depth.

The BR pit's MWD dataset included 75,470 blast holes 
spanning 844,855 meters. Because the initial two meters of the 
borehole are likely not representative of the rock's in-situ 
geochemical values due to potential impacts from the toe 
charge during the previous bench's blasting, MWD data 
analysis for this study spanned from 2 meters below the hole 
collars to the bottom of the blast holes. The resulting number 
of datapoints for Fe, P, S, Al2O3, and SiO2 were 87385, 81583, 
81583, 81583 and 87385, respectively.

2.3.1 MWD Data Preprocessing

Variations in subsurface composition, drill rig management 
system, and external influences affect the performance of 
MWD data, resulting in abnormally high and low response 
values (Khorzoughi and Hall, 2016). These variables can 
potentially lead to imprecision in MWD response values and 
erroneous interpretations of MWD data (van Eldert et al., 
2020). As a result, the mining MWD dataset analyzed for the 
investigation exhibits a high noise-to-signal ratio.

Since the MWD data points had not been subjected to a 
thorough Quality Assurance and Quality Control (QA/QC) 
process, this research required feature engineering. Data 
within the first two meters of each blast drillhole were first 
removed from the original MWD data as it may not accurately 
represent the in-situ host rock due to collaring effects at the 
hole's beginning and potential blast damage from the previous 
bench's holes. Then, any data points with negative values for 
rop, tor, fob or bap were removed. The missing MWD data 
points were then reconstructed using linear interpolation, the 
quartile detection method, and a 1.5-factor threshold. Finally, 
to reduce the localized influence of noise, the blast hole data 
was smoothed using a Gaussian filter with a smoothing factor 
of 0.3.

A set of derived variables was calculated using rop, tor, fob 
and bap. These derived variables include ratios of the original 
variables (e.g., rop divided by tor, denoted as roptor) and a 
moving standard deviation across 0.5 meters for the initial 
values (e.g., the moving standard deviation for rop denoted as 
ropS).

2.4 Feature Importance

This study engaged purposeful feature importance methods to 
ascertain the relative significance of each MWD variable on 
the geochemical values of Fe, S, P, Al2O3, and SiO2. Feature 
importance techniques, namely Multivariate Adaptive 
Regression Splines (MARS). MARS is a non-parametric 

Figure 2. Typical layout of a surface mining blast drill rig
(Type: Epiroc D65)
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algorithm that makes no assumptions regarding the 
relationships between input and output variables. The 
technique explicates intricate interactions among variables by 
implementing a series of piecewise linear regressions 
(Friedman, 1991). It identifies critical features by iteratively 
fitting the model with each feature included and excluded, 
assessing the performance variation. 

2.5 ML Methods

This study evaluated the predictive capabilities of a variety of 
ML techniques, including Gaussian Support Vector Machines 
(SVMs), Bagged Random Forests (RFs), Exponential 
Gaussian Process Regression (GPR), Stepwise Linear 
Regression (LR), Fine Decision Trees (DTs), and Wide Neural 
Networks (NNs) to forecast the orebody geochemical values 
of Fe, S, P, Al2O3, and SiO2 based on the MWD responses. The 
data was partitioned into 80% for training and 20% for testing, 
Models were trained using 10-fold cross validation. These 
computations were conducted on a Pawsey Supercomputer 
Nimbus cloud Ubuntu instance with 8 vCPUs and 32GB of 
Memory using MATLAB 2023b. The comparative evaluation 
of the models was conducted by utilizing the coefficient of 
determination (R2) and Root Mean Square Error (RMSE).

3. RESULTS

3.1 Feature Importance

This section investigates the significance of various MWD 
response characteristics in predicting geochemical values (Fe, 
S, P, Al2O3, and SiO2) to determine the influence of each 
MWD variable on geochemical characteristics. According to 
the highest importance results in Table 1, the six MWD metrics 
most important in predicting Fe from the studied BIF deposit 
are fob, baprop, baptor, fobrop, ropS and torS. Results vary 
from the feature importance of Al2O3, P, S and SiO2 (Table 1).

Table 1. MARS derived feature importance (%) of MWD 
features in predicting geochemical assays.

Fe S P Al2O3 SiO2

rop 2% 0% 16% 9% 2%
tor 0% 0% 0% 4% 8%
fob 9% 43% 0% 1% 3%
bap 6% 13% 5% 5% 0%

roptor 8% 13% 9% 8% 0%
ropbap 4% 0% 9% 6% 6%
ropfob 0% 0% 0% 0% 0%
torrop 4% 13% 8% 8% 11%
torbap 1% 0% 0% 0% 1%
torfob 7% 0% 9% 8% 9%
baprop 9% 9% 0% 5% 13%
baptor 9% 7% 0% 4% 8%
bapfob 0% 0% 0% 6% 0%
fobrop 9% 2% 8% 0% 10%
fobtor 0% 0% 8% 8% 0%
fobbap 0% 0% 0% 0% 0%
ropS 9% 0% 0% 7% 9%
torS 9% 0% 9% 7% 10%
fobS 5% 0% 12% 8% 7%
bapS 7% 0% 8% 6% 6%

In the case of Fe, the fobrop, baprop, torrop, baptor, and fobtor 
ratios were deemed more significant than the original rop and 
tor variables, the rop-influenced ratios roptor, ropbap, and 
ropfob, and additionally the variability-related metrics ropS, 
torS, bapS.

3.2 ML Analytical Prediction Results

This section evaluates the performance of various ML 
regression models in predicting orebody qualities such as Fe, 
P, S, Al2O3, and SiO2 based on MWD data. Validation of the 
proposed ML analytical method utilizing a collection of 
geochemical variables to establish conceptual accuracy.

Figure 2a-f depicts the ML analytical prediction results 
compared to actual laboratory Fe values for the best-
performing LR, DTs, SVMs, RFs, GP, and NNs models. The 
RFs model, with an R2 value of 0.96 and an RMSE of 6.75% 
Fe, had the strongest correlation with the laboratory 
observations. The GP and DT models generated slightly 
weaker R2 values of 0.93 and 0.90, and RMSE values of 7.77 
and 6.75, respectively.

Figure 2. Actual versus predicted training values for %Fe
predictions using various ML methods, including a) LR, 
b) DTs, c) SVMs, d) RFs, e) GP and f) NNs
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Table 2 displays the results of Fe, P, S, Al2O3 and SiO2 content 
prediction using LR, DTs, SVMs, RFs, GP, and NNs models.
Among these models for Fe, DTs, RFs, and GPR delivered the 
best predictive results between the ML classes, with RMSEs 
of 7.15% Fe, 6.35% Fe and 6.79%, respectively.

Table 2. The 10-fold cross-validation training and testing R2

and RMSE testing results of ML analyses for Fe, P, S, Al2O3
and SiO2 content prediction in the BR dataset.

LR DT SVM RF GPR NN

Fe

RMSE (%) 29.4 10.2 15.3 9.38 8.08 16

R2 (train) 0.16 0.88 0.75 0.9 0.93 0.74

R2 (test) 0.15 0.9 0.77 0.91 0.94 0.75

P

RMSE (%) 16.8 6.06 8.64 5.63 4.49 8.97

R2 (train) 0.08 0.88 0.77 0.90 0.93 0.74

R2 (test) 0.06 0.88 0.75 0.90 0.93 0.73

S

RMSE (%) 0.42 0.11 0.40 0.13 0.2 0.34

R2 (train) -0.01 0.84 0.08 0.82 0.63 0.37

R2 (test) -0.01 0.93 0.07 0.90 0.61 0.36

A
l 2O

3

RMSE (%) 11.9 4.28 6.30 4.02 3.50 6.99

R2 (train) 0.08 0.86 0.75 0.89 0.91 0.70

R2 (test) 0.09 0.88 0.75 0.90 0.92 0.69

Si
O

2

RMSE (%) 32.3 10.1 16.0 9.31 7.68 17.0

R2 (train) 0.06 0.88 0.75 0.90 0.93 0.74

R2 (test) 0.06 0.91 0.77 0.92 0.95 0.74

Those models employing LR consistently produced the worst 
predictions for P and S, with R2 values lower than 0.12 (Table
2). Models built with DTs, RFs, and GPR, on the other hand, 
produced the highest R2 values of 0.97 and 0.98 for P and S 
predictions, respectively. These top-performing DTs, RFs, and 
GP models resulted in an average RMSE of approximately 
3.07% for P and 0.18 % for S.

As shown in Table 2, LR models consistently underperformed 
in their ability to predict Al2O3 and SiO2. RFs and GPR models 
had the highest R2 values, exceeding 0.96. Conversely, SVMs 
and NNs had lower R2 values (0.79 and 0.71, respectively).

4. DISCUSSION

This study demonstrates the capability of ML algorithms to 
predict subsurface geochemical variables from MWD data, 
thereby informing orebody geochemistry. Although this 
methodology was only applied to five quality indicators in this 
study, it has the potential to be extended to other variables such 
as CaO, LOI, MgO, Mn, and TiO2. As suggested by Table 1, 
the accuracy of predictive modelling is primarily dependent on 
the features of the in-situ rock and the volume of MWD data.

In contrast to previous research, the derived ratio MWD 
variables fobrop, baprop, torrop, baptor, and fobtor, in addition 
to fob, demonstrated significant feature importance in this 
study. Prior studies (Beattie, 2009; Galende-Hernández et al., 
2018; Ghosh et al., 2018; Martin, 2007; Navarro et al., 2021; 
Scoble et al., 1989) emphasized rop and tor using Principal 
Component Analysis (PCA) to identify the most important 
MWD measures for rock type identification. In comparison to 
this predominant PCA-based feature selection employed in 
MWD analysis, feature importance methods, such as MARS,
exhibited intricate relationships between the MWD variables 
and orebody characteristics, such as those derived from bap, 
which had not been observed.

In addition, the choice of the ML analytical model, whether 
GP, NNs, or RFs, did not significantly influence the ML 
prediction results, indicating that the predictive accuracy was 
primarily determined by the quality of the extracted features. 
This result is consistent with the findings of Kadkhodaie-
Ilkhchi et al. (2010) and Khushaba et al. (2021), who observed 
comparable prediction abilities among diverse ML models for 
rock types and geochemical assay results. 

5. CONCLUSION

This study presents a proof-of-concept method for evaluating 
orebody quality by analyzing MWD data with ML algorithms. 
A framework was developed to determine the significance of 
MWD data features in predicting orebody quality indicators 
such as Fe, S, P, Al2O3, and SiO2. The MARS feature 
importance analyses allowed MWD variables to be classified 
as having zero (0%), marginal (2%), or significant (>2%) 
importance. Importantly, several previously overlooked MWD 
features, such as fob, and derived ratios of MWD features—
fobrop, baprop, torrop, baptor, and fobtor—were found to have 
substantial predictive value for estimating orebody quality. 
Because of the varying importance of MWD features, a 
comparison of prediction performance across various ML 
analytical techniques was conducted. In addition, empirical 
results demonstrated correlations as high as 0.97 between 
MWD characteristics and orebody quality values when using 
RF. The proposed methodology can also be applied to forecast 
geomechanical properties, which would improve blasting 
fragmentation and add value in crushing and milling.

These discoveries have far-reaching implications for the 
mining industry. Applying these models can allow miners to 
determine accurate and precise short-term geochemical 
estimations. Predictive knowledge of orebody geochemistry is 
crucial for mining, as it will inform decisions for extraction 
and processing phases. The availability of geochemical data 
produced from these models with high downhole resolution 
aids in the recovery of high-grade ore containing economically 
viable mineral content for extraction. Mining geologists can 
increase the granularity with which they differentiate high-
grade, low-grade, and waste elements by leveraging the high-
definition depiction of the orebody provided by the 
methodologies presented in this study. As a result, mining 
engineers can plan optimal excavations to minimize the 
dilution of waste material in a processing plant.
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Chapter 8: Discussion and Conclusion 

8.1 Contributions 

This research has applied a widely recognized generic ML workflow to 

the domain of MWD-based orebody characterization but with adaptations that 

address the unique challenges of mining data. While the sequential stages of 

data preparation, feature selection, model training, and validation are 

common to many ML applications, this work contributes a domain-specific 

implementation that accounts for the irregular and multi-resolution nature of 

geological datasets, the operational variability of drill rig sensors, and the 

need for geologically meaningful feature engineering from raw drilling signals. 

In Paper B, Gaussian filtering was parameterised by iteratively 

selecting a smoothing window that reduced high-frequency drilling noise 

while preserving transitions associated with genuine rock property changes; 

the resulting kernel bandwidth of approximately 0.3-0.5 m produced stable 

outcomes across holes. Three-dimensional proximity was defined using a 

spatial tolerance consistent with local variogram ranges (typically 10-15 m), 

ensuring that MWD samples and reference labels were matched only where 

geological continuity was expected. Correlation analysis showed strong 

pairwise relationships among several MWD variables (e.g., rop/tor, wob/bap), 

reinforcing the need for feature-selection or importance techniques to prevent 

redundancy-driven model bias. 

These adaptations include bespoke spatial alignment methods for 

high-frequency operational MWD readings with sparse geotechnical, 

geophysical, and geochemical reference data, integration of model-

independent and model-derived feature importance methods to suit analysis 

before and after modelling and systematic evaluation of model performance 

across three domains using production-scale, operationally sourced datasets. 

The COM dataset refers to the combined dataset incorporating records from 

both pits to increase the representativeness and robustness of the 

geophysical modelling. Feature importance values for each geophysical 

property were computed independently and then synthesised in the 

discussion. 
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The contribution of this thesis lies in demonstrating how a 

standardized ML framework using can be operationalized for MWD data, 

identifying where generic methods suffice and where domain-specific 

treatment is required. This distinction provides both a replicable pipeline for 

other mining contexts and a benchmark for assessing the readiness of ML 

workflows using MWD data for deployment in production operations. 

Theoretically, it advances the use of interpretable ML frameworks for 

feature importance and predictive modelling using production-scale mining 

data. Practically, it introduces a modular analytical workflow that can be 

deployed on existing MWD systems with minimal infrastructure overhead. 

The following contributions have been made:  

➢ A general, model-agnostic unified framework was developed to 

integrate MWD data with supervised ML algorithms across 

diverse output types and domains. 

➢ Feature importance insights through identification and ranking 

of key MWD variables, which influenced subsurface predictions, 

aiding interpretability and improving trust in ML models. 

➢ High-resolution subsurface modelling produced by the 

framework resulting in accurate prediction of rock strength, 

geological domains, gamma response and elemental 

composition at sub-meter resolution. 

➢ Multivariate-based predictive models were validated across 

geotechnical, geophysical and geochemical properties using 

industry data, supporting the robustness of the approach. 

➢ Publications in five peer-reviewed journal articles across Q1 

and Q2 journals, advancing the academic literature on digital 

mining and ML applications. 

Several methodological questions raised by the examiner relate to 

operational constraints embedded within the dataset.  

➢ The definition of three-dimensional proximity reflects the 

maximum spatial separation at which exploration labels remain 

representative of the MWD interval, typically governed by local 

geological continuity.  
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➢ Gaussian filtering parameters were selected to smooth high-

frequency sensor noise without distorting underlying drilling 

responses, following standard signal-processing practice. 

➢ Correlations between MWD variables and target properties are 

driven by physical interactions between drilling mechanics and 

rock mass behaviour, and are therefore expected to vary 

between geotechnical, geophysical and geochemical domains. 

Moreover, where feature importance results are presented for only 

one method in the published papers, this reflects either the most stable or 

most interpretable output for the domain under study. The thesis does not 

revise these published figures but provides additional narrative context here 

to clarify interpretation. 

Taken together, the results across all papers demonstrate a consistent 

behavioural pattern of the dominant MWD predictors (rop, tor, wob, bap) 

retaining predictive relevance across geotechnical, geophysical and 

geochemical domains, although their relative importance shifts with the 

underlying physics of each target property. This convergence indicates that 

the drilling system encodes a common mechanical response to subsurface 

conditions that generalises across domains. At the same time, domain-

specific divergences, such as higher sensitivity of geochemical predictions to 

bap/rop ratios, highlight the value of combining general-purpose MWD 

signals with targeted feature-engineering. This cross-domain consistency 

supports the validity and scalability of the unified analytical framework 

developed in this thesis. 

8.2 Limitations  

Despite the strong predictive performance and practical potential of 

the framework, several limitations were identified during this research. One 

key constraint is the specificity of the dataset. All modelling and validation 

were performed using data from a single iron ore deposit in the Pilbara 

region, which may limit the generalizability of the results. Applying the 

framework to different geological settings or commodities, such as copper, 

gold or coal would likely require retraining the models and adapting to new 

lithological and geomechanical conditions. 
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Another limitation stems from sensor variability. MWD tools across 

different drill rigs can vary in calibration, resolution and data quality. These 

inconsistencies can introduce systematic bias or noise into the input data, 

potentially degrading model performance when transferred across rigs or 

operations. Ensuring standardization in sensor configuration and calibration 

would be necessary for broader deployment. 

Furthermore, model performance across all studies was influenced by 

several practical limitations. MWD data exhibit variability due to rig-specific 

behaviour, bit condition, and transient drilling states, introducing noise that 

cannot be fully removed. The exploration datasets used as labels, particularly 

laboratory geochemical assays and UCS measurements, are spatially sparse 

relative to MWD density, constraining generalisation in regions with limited 

reference data. Data confidentiality also restricts the ability to release open-

source datasets that would otherwise promote benchmarking and 

reproducibility. These constraints are typical of operational mining 

environments and must be considered when deploying predictive systems. 

Additionally, the availability of ground-truth reference data remains a 

challenge. Geotechnical parameters such as UCS and laboratory-based 

geochemical assays are typically collected at sparse intervals. This limits the 

density and spatial resolution of supervised labels available for training and 

evaluation, potentially affecting model reliability in heterogeneous zones. 

Finally, operational constraints must be considered for real-time 

implementation. While the models developed here are suitable for post-

processing and batch analysis, deploying them in real-time settings would 

require optimization for computational efficiency. This includes streamlining 

data ingestion, reducing model complexity and adapting inference to edge 

computing environments typically found on or near drill rigs.  

8.3 Future Work 

The findings and limitations of this study point to several opportunities 

for future research. These areas build on the foundation of real-time, data-

driven subsurface modelling and seek to extend it across geological settings, 

modelling techniques, deployment architectures and integrated mine 

planning systems.  
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8.3.1 Expansion to Different Geological Settings and Commodities 

An important area for future extension is the adaptability of this 

framework across geological contexts, as outlined below. 

➢ Apply the framework to different deposit types, such as porphyry 

copper, hard rock gold and stratified sedimentary basins, to assess its 

adaptability and generalizability beyond the single iron-ore operation in 

the Pilbara used in this thesis 

➢ Evaluate the impact of varying  lithology, mineralogy and structural 

complexity, such as complex faulted terrains or high alteration zones 

on the relationship between MWD responses and subsurface 

properties. 

➢ Retrain or fine-tune models where geological conditions introduce 

nonlinear or discontinuous behaviors in MWD data. 

8.3.2 Exploration of Deep Learning Techniques 

Beyond the classical ML approaches trialed in this thesis, there is 

significant scope to investigate Deep Learning (DL) methods tailored to the 

unique properties of MWD data. Convolutional Neural Networks (CNNs) 

could be applied to spectrograms or other time-frequency representations of 

drilling signals (e.g., torque, vibration, air pressure) to capture localized 

patterns indicative of lithological changes (Zhao et al., 2023). Recurrent 

Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) 

architectures, are well suited to sequential MWD datasets, allowing the 

model to learn temporal dependencies in drilling behavior and material 

transitions along the borehole (Cheng et al., 2023). Transformer-based 

architectures, with their self-attention mechanisms, offer potential advantages 

over RNNs for modelling longer drilling sequences and integrating multi-rig 

datasets, as demonstrated in analogous applications in directional drilling 

and well-logging (Romanenkova et al., 2020). 

Future work should also explore hybrid models that integrate domain 

knowledge into DL workflows, such as physics-informed neural networks or 

architectures constrained by known drilling mechanics. This could improve 

generalization across deposits while retaining geological plausibility in 

predictions. Furthermore, applying advanced explainability techniques, such 
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as Gradient-weighted Class Activation Mapping (Grad-CAM), could enhance 

trust in DL models by highlighting the drilling intervals or sensor patterns that 

drive predictions (Selvaraju et al., 2017). These interpretability methods have 

shown promise in geoscientific modelling contexts  and could help address 

industry concerns over “black box” AI adoption (Herwig & Borghesani, 2023). 

In addition to data-driven architectures, physics-informed neural 

networks and hybrid models constrained by known drilling mechanics 

represent a promising direction. Embedding physical principles into model 

structure may reduce overfitting, improve interpretability and enhance 

generalisation across rigs, lithologies and operating conditions. 

Combining these DL methods with rigorous benchmarking against the 

best-performing classical ML models from this study would provide a robust 

assessment of whether the increased complexity of deep learning 

architectures delivers a commensurate operational benefit. 

8.3.3 Real-Time Deployment and Automation 

Operationalizing this framework in real-time environments introduces 

several technical challenges. These include data latency, edge inference 

limitations and integration with existing drill rig infrastructure. 

➢ Develop lightweight model architectures optimized for real-time 

inference on edge devices deployed at the drill rig. 

➢ Integrate MWD-based predictions into drilling control systems or 

onboard monitoring platforms. 

➢ Automate data ingestion, preprocessing and result delivery workflows 

for seamless integration with autonomous or semi-autonomous drilling 

operations. 

➢ Pilot real-time prediction systems in production environments to 

evaluate feedback latency, decision impact and operational reliability. 

8.3.4 Integration with Digital Twin and Mine-to-Mill Optimization 

Future implementations may benefit from integration with digital twin 

environments and dynamic mine-to-mill optimization platforms. 

➢ Incorporate MWD-based predictions of rock properties into digital twin 

models to simulate drilling, blasting, fragmentation and downstream 

processing. 
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➢ Enable real-time updating of short-term schedules and blast designs 

based on predicted lithology and strength profiles. 

➢ Interface with fleet management and shovel allocation systems to 

adjust dig strategies in response to changing ground conditions. 

➢ Support adaptive mine-to-mill optimization by providing continuous, 

drill-aligned data streams on ore quality and rock behavior. 

8.3.5 Bit Wear Effect 

An important avenue for future research is the systematic study of 

drill-bit wear and its influence on MWD responses. Bit degradation alters 

drilling mechanics and can confound both feature-importance rankings and 

predictive performance. A controlled field study integrating bit-wear metrics 

with MWD signals would provide valuable insights and improve robustness of 

MWD-based predictive models. 

8.4 Conclusion 

The contributions presented in this thesis (Section 8.1) establish a 

foundation for real-time, MWD-based subsurface characterization using 

interpretable machine learning. When considered alongside the future 

research opportunities (Section 8.3), they illustrate a pathway toward digital 

orebody intelligence that is robust, scalable and integrated across the mining 

value chain. Continued research into model generalization, automation and 

deep learning integration will further strengthen the operational viability and 

strategic impact of this approach. 

This thesis has demonstrated that MWD data, when analyzed using 

ML, can improve orebody characterization and mine planning. By addressing 

key research gaps in feature importance, geotechnical, geophysical and 

geochemical prediction, this study provides a scalable and cost-effective 

enhancement to traditional resource-definition drilling. The findings hold 

significant implications for academic research and mining industry practice, 

contributing to AI-enhanced subsurface modeling, digital mine planning and 

real-time decision-making. While challenges remain in data integration, 

model deployment and industry adoption, this research paves the way for the 

next generation of AI-driven geotechnical and geochemical analysis in 

mining. Future research should focus on expanding the AI framework to 
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different commodities, testing real-time deployment strategies and integrating 

AI-driven MWD analysis into autonomous mining systems. Through 

continued innovation, AI-enhanced MWD models have the potential to 

transform the way orebody knowledge is acquired, interpreted and applied in 

modern mining operations. 

Taken together, the five studies demonstrate that MWD data, when 

analysed using interpretable ML methods, can serve as a unified, multi-

domain surrogate for traditional subsurface characterization techniques. The 

collective findings establish a coherent framework that links geotechnical, 

geophysical and geochemical prediction, providing a scalable pathway 

toward real-time orebody intelligence in open-pit mining operations. 
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Paper A: Peer Review Comments and Responses 

Goldstein, D. M., Aldrich, C., & O’Connor, L. (2024). A Review of Orebody 

Knowledge Enhancement Using Machine Learning on Open-Pit Mine 

Measure-While-Drilling Data. Machine Learning and Knowledge Extraction, 

6(2), 1343-1360. https://doi.org/10.3390/make6020063 

Reviewer 1 

Comment 1: It was a pleasure to read your paper. 

Response 1: The authors appreciate the comment of the reviewer. 

Reviewer 2 

This article focuses on the use of Machine Learning (ML) to enhance 

orebody knowledge through Measure-While-Drilling (MWD) data in open-pit 

mining. It highlights the transition from manual to computerized data 

acquisition and interpretation to determine lithological boundaries more 

efficiently. The research underlines the high prediction accuracy (>90%) 

achieved by artificial intelligence algorithms, such as Neural Networks and 

Gaussian Processes, in recognizing subsurface conditions like rock types 

from MWD data. However, it also points out the underutilization of methods 

like Principal Component Analysis in evaluating the significance of each 

MWD feature. 

Strengths 

- Innovative Approach: The article presents a forward-thinking approach by 

integrating ML with MWD data to predict subsurface conditions accurately, a 

significant leap forward in mining exploration and operational efficiency. 

- High Prediction Accuracy: Demonstrating over 90% prediction accuracy in 

identifying subsurface conditions using ML algorithms is a compelling 

outcome that underscores the potential of this technology in enhancing 

orebody knowledge. 

- Extensive Data Analysis: The use of a comprehensive array of sensors for 

data collection and the subsequent application of ML for data interpretation 

effectively leverages the vast amounts of data generated during drilling 

operations. 

Weaknesses: 

- Limited Methodology Exploration: While the success of Neural Networks 

and Gaussian Processes is highlighted, the paper does not extensively 

explore or compare other ML methodologies that might offer additional 

insights or efficiencies. 
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- Feature Importance Evaluation: The article mentions the underutilization of 

certain analytical methods (like Principal Component Analysis) for evaluating 

feature importance, suggesting that further work could enhance the model's 

predictive capabilities. 

- Data Collection Constraints: The paper briefly touches on the challenges 

associated with the substantial volume of data requiring manual analysis but 

does not delve into potential solutions or ways to streamline this process 

further. 

Critical Remarks: 

Comment 1: - Literature Review: The review of existing literature appears to 

be thorough, but the article could benefit from a more detailed comparison 

with recent studies to ensure the utilization of the latest ML methodologies 

and data processing techniques. 

Response 1: The paper was updated to include some of the most recent 

studies, specifically focusing on deep learning methods. This is reflected in 

Table 1 (as highlighted) and discussion in the text. 

Comment 2: - Future Developments: While the article successfully outlines 

the current application of ML in MWD data analysis, it could provide a clearer 

roadmap for future research, particularly in addressing the highlighted 

weaknesses and exploring the integration of additional ML algorithms. 

Response 2: More discussion was added to section 5.2, highlighting trends 

in the adoption of deep learning models that are better able to deal with 

unstructured data, such as vibrational signals and borehole images. A 

second future direction relates to the development of explainable models that 

can be interrogated to determine possible causes or reasons for specific 

model predictions. 

Comment 3: - Application and Impact: A deeper discussion on the practical 

implications of this technology in mining operations, including cost savings, 

efficiency improvements, and potential environmental benefits, would offer a 

more holistic view of its value. 

Response 3: Cost savings are difficult to quantify, except to note that the 

drive towards real-time information would in general enable more efficient 

process operation associated with significant cost savings. 

Comment 4: Conclusion: The article presents a significant advancement in 

using ML to interpret MWD data, offering high prediction accuracies and 

showcasing the potential to revolutionize subsurface characterization in 

mining. While there are areas for improvement, particularly in exploring 

additional ML methodologies and addressing data collection challenges, the 
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research provides a solid foundation for future exploration and application in 

the field. 

Response 4: The authors appreciate the comment and trust that the revised 

version improves significantly on the areas that have been outlined by the 

reviewer. 

 

Reviewer 3 (Round 1) 

Comment 1: I read the paper carefully. The topic is interesting and deserves 

to be published in Make after making some major modifications as follows: 

The abstract must be written. Please give us much more detailed results. 

Response 1: The abstract was comprehensively revised to better reflect the 

contents and results of the study. 

Comment 2: Along with using Google Scholar, I would suggest using other 

database, such as Scopus, Web of Science, and So on. 

Response 2: This was done, the main ones included being Scopus, 

ScienceDirect, Wiley and IEEE Xplore. Where applicable additional 

references have been included in the revised paper, specifically in Table 1 

and also in references in the concluding sections of the paper. 

Comment 3: Which parameter have been considered in the papers? For 

instance, how many blast holes were considered in each work/ average? You 

must clarify them in proper flowcharts/tables for describing the input 

parameters! For instance, the types of geological settings must be classified 

in a table or flowchart based on the iron type. 

Response 3: The authors have tried to fit this in as best as possible in Table 

1, although this information was not readily available in all the investigations 

reported in the literature. 

Comment 4: You mentioned that you used PCA for analysing the data. I’d 

like to see that. 

Response 4: Since the authors have not actually analysed any data with 

PCA in this investigation themselves, the sentence in the text have been 

rephrased to clarify this. 

Comment 5: That would be great if you could add a brief section for each ML 

methods which have been used and compare them together. 

Response 5: The authors have added more comment on the ML methods in 

the paper, such as in section 2. However, the authors have not compared 

them directly, as there are multiple studies elsewhere dealing with the 



145 
 

comparison of ML methods, but more importantly, it would be very difficult to 

generalise any of the results regarding MWD data. 

 

Reviewer 3 (Round 2) 

This is the re-review manuscript entitled “A Review of Orebody Knowledge 

Enhancement using Machine Learning on Open Pit Mine Measure-While-

Drilling Data”. I read the revised article carefully, However, I am not yet 

convinced that the article deserves to be published in Makes. I would like to 

give the authors a second chance to address major issues. 

Comment 1: 1- Q2 from the initial review remains unaddressed. The authors 

haven't clarified which parameters were considered in the reviewed papers. 

This includes details like the number of blast holes analysed per study 

(averages would be helpful). A well-structured table or flowchart outlining 

these input parameters, including geological setting classifications based on 

iron type (e.g., a table showing different iron types), would be highly 

beneficial. 

Response 1: The authors have tried to fit this in as best as possible in Table 

1, although this information was not readily available in all the investigations 

reported in the literature. Table 1 includes the number of holes in each study, 

as well as the rock type. Where indicated in the literature, a subtype for iron 

ore, e.g.’ BIF’ was included, but most investigations simply refer to the rock 

type as ‘iron’ or ‘coal’ for example, without providing specific detail. 

Comment 2: 2-The paper's organisation needs improvement. Identifying 

keyword clusters is an excellent approach to highlighting research hotspots. I 

recommend incorporating this strategy into the discussion section. I am afraid 

to say that the current structure makes it difficult to follow the main topic. 

Response 2: The authors have revisited the discussion section of the 

revised paper to make it easier to follow the main topic. This includes a 

diagram (Fig. 5) that was based on a keyword analysis of the publications 

available in the Scopus database. It is not necessarily as sophisticated an 

analysis as could be done with bibliometric software, but hopefully this would 

give some indication of the methods that have been used to analyse MWD 

data over the last decade. 

Comment 3: 3-I strongly recommend adding sub-sections such as 

“reviewing the highly cited articles” and “top leading institutions, top 10 

articles in the field, journals, publishers” to the review section. What were 

your criteria for filtering the articles? Which type of articles were excluded 

from your final list, for instance, review papers? Which guidelines did you 

follow to conduct your review? Which exact keywords? Which categories 

were excluded from your review. 
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Response 3: The method of selection is covered in Section 2 of the revised 

paper, “Literature Sources and Dissemination”. A progressively narrower 

focus on keywords was subsequently introduced in Section 2, as indicated in 

Figure 2, specifically focusing on papers related to open pit mining identified 

by the keywords “Measure While Drilling”, “Measure While Drilling” AND 

“Rock Characterization”, as well as “Measure While Drilling” AND “Rock 

Characterization” AND “Machine Learning” compared on an annual basis in a 

bar chart (Fig. 2). Moreover, the authors have indicated that Australia and 

Canada are at the centre of these areas of research. In addition, the journals 

Mathematical Geosciences and Minerals contain some 22% of the papers 

considered in this review. 

Highly cited articles, review papers or “Top 10 articles in the field” were not 

considered as such, but were implicitly included in the review instead. The 

authors trust that the approach they have used in the selection of papers is 

clear, although not necessarily the same as the approach suggested by the 

reviewer. 
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Paper B: Peer Review Comments and Responses 

Goldstein, D., Aldrich, C., Shao, Q., & O’Connor, L. (2025). A Field-Scale 

Framework for Assessing the Influence of Measure-While-Drilling Variables 

on Geotechnical Characterization Using a Boruta-SHAP Approach. Mining, 

5(1), 20. https://doi.org/10.3390/mining5010020 

Reviewer 1 

Thank you for your constructive and encouraging review of our 

manuscript, "Unlocking Subsurface Geology: A Case Study with Measure-

While-Drilling Data and Machine Learning." We greatly appreciate your 

insights which have helped us refine the manuscript. Below, we address each 

of your comments and outline the changes made. 

Comment 1: The authors have captured a useful review of existing literature 

that is pertinent to the study. The critique of PCA is acceptable and the use of 

MARS and PPR on MWD data seems appropriate. I would encourage to 

authors to identify any prior works that have suggested such an approach 

previously that would further support the approach taken. However, the 

reason for the approach has been justified. 

Response 1: We appreciate this suggestion and have reviewed the literature 

further to identify any prior works that have explored similar approaches. We 

have strengthened our justification for using MARS and PPR by explicitly 

stating that PCA has been the only method identified that has previously 

attempted feature importance (line 65-66). This highlights the novelty of our 

approach while acknowledging existing methods. We have added a short 

selection of papers using MARS (lines 229-231) and PPR (lines 244-245) for 

feature importance in other fields. 

Comment 2: Can the authors consider using a different coloured 

font/location to depict a)/b) in Figure 1, as it would be near impossible to read 

in greyscale. 

Response 2: We acknowledge the readability issue and have made 

modifications to improve accessibility. We have moved the location of the a) 

and b) labels in Figure 1 (line 175) off of the images to improve readability in 

greyscale." 

Comment 3: The method implemented is sound. The additional 

implementation of regression-based ML methods was an insightful way to 

expand the viability of using MARS and PPR on the MWD data to produce 

positive results. 

The results of the approach are exciting. Again, the authors should be 

commended on the output of the approach! However, I would like to see in 

the discussion a short reflection of the impact of the amount of data available 

https://doi.org/10.3390/mining5010020
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on results. For example, with more data, the regression ML Methods used 

would likely significantly improve. Therefore, is there a minimum amount of 

MWD data required for this approach to be viable? It appears as though 

there would be perhaps other approaches may be better to implement in 

those scenarios of lower amounts of data or data resolution. 

Response 3: We agree that data availability plays a critical role in ML 

performance and have now explicitly discussed this aspect in the Discussion 

section. We have added a reflection on the impact of data quantity and 

resolution on model performance (lines 638-641). This addition provides 

insights into data requirements and highlights potential limitations of the 

approach in low-data environments. 

Comment 4: The conclusions identified are sound. I’m excited to see if this 

work will be implemented commercially as I believe there is a lot of value 

there. 

I also believe future work into other approaches will be useful to bolster up 

and further extend the (notably already) success of this existing approach. 

Response 4: We sincerely appreciate your thoughtful review and 

constructive suggestions. We hope these revisions adequately address your 

concerns and further improve the clarity and impact of our work. Please let us 

know if any additional modifications are needed. 

 

Reviewer 2 (Round 1) 

We appreciate your thoughtful review and constructive feedback on our 

manuscript, "Unlocking Subsurface Geology: A Case Study with Measure-

While-Drilling Data and Machine Learning." Your comments have helped 

refine our discussion, particularly regarding the role of machine learning (ML) 

in geophysical predictions and its relationship with underlying physical 

mechanisms as well as the predictive performance of the models and 

practical applicability of our approach. Below, we outline the revisions made 

in response to your concerns. 

Comment 1: This paper presents a well-structured study on using ML 

models to predict geophysical properties from MWD data. The methodology 

is solid, experiments are thorough, and results are well-analyzed. The 

discussion on model selection is practical and informative. 

However, the main weakness is the lack of innovation. The use of ML for 

MWD data analysis is well-established, and the study does not introduce 

novel methodologies, models, or insights beyond existing work. While the 

comparisons are useful, the research mainly reinforces known conclusions 

rather than advancing the field. 
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1. Machine learning is merely a tool for extracting patterns from data; it 

cannot create relationships that do not inherently exist. The paper 

focuses too much on ML models while neglecting the underlying 

physical mechanisms governing the relationships between the 

measured parameters. 

Response 1: Yes, we agree that ML has been used for MWD data analysis. 

In this paper, we overcome the issues in the current use of ML: (1) existing 

research used ML without feature selection (by assuming that the importance 

features are known, which is not true) or improper feature selection tool (i.e., 

CPR which cannot select importance features), (2) existing research adopted 

a single ML model without proper comparison, resulting sub-optimal choice of 

ML tools. To clarify this, we have made changes. We added a statement in 

the abstract to acknowledge the constraints of ML when modeling 

geophysical relationships (lines 22-24) and revised the final paragraph of the 

introduction to emphasize the importance of validating ML outputs with 

geological knowledge (lines 86-87). 

Moreover, we agree on the black-box issues about ML. It will be an important 

research opportunity to develop structured ML using geophysical knowledge. 

This paper is just a starting point to harvesting the rich ML tools for MWD 

data analysis. To clarify this, we have made changes. As above, we included 

a statement in the conclusion emphasizing that ML should be used alongside 

geological knowledge in the conclusion (lines 714-718). 

We agree that ML should be presented as a tool that models existing 

relationships rather than establishing causality. 

Comment 2: For example, consider the correlation between ROP, torque, 

weight on bit , and resistivity. In formations without conductive minerals, 

resistivity is primarily influenced by pore fluid content rather than mechanical 

drilling parameters. Given this weak intrinsic correlation, it is unsurprising that 

the model struggles to predict resistivity accurately. This fundamental issue is 

overlooked in the analysis, leading to poor prediction performance. 

Response 2: We acknowledge that our initial discussion did not sufficiently 

highlight the limitations of ML models in predicting resistivity due to its weak 

correlation with drilling parameters. To address this, we have added a 

paragraph to Section 3.2.1 explicitly discussing why resistivity predictions 

performed poorly (lines 551-555) and reworded the first paragraph of the 

Discussion section to acknowledge that weak intrinsic correlations limit ML’s 

predictive ability (lines 641-644). 

Comment 3: 2. While the paper provides detailed experiments and analyses, 

the actual predictive performance is quite poor. The only scatter plot 

presented (Figure 6) for density shows significant errors, even though density 

has a relatively narrow range and should be one of the easier parameters to 
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predict. Other key properties, such as gamma ray, resistivity, and magnetic 

susceptibility, are only summarized in tables, with results that appear 

similarly weak. If the models fail to achieve meaningful accuracy, their 

practical applicability is questionable. This further highlights the lack of 

innovation—if the approach does not lead to usable results, what is the real 

contribution of this study? 

Response 3: We acknowledge that, although our results showed significant 

improvement in comparison with previous studies, some of the model 

predictions, particularly for density and resistivity, exhibit significant errors. 

However, the primary contribution of this study is not solely in achieving 

perfect predictive accuracy but rather: a) benchmarking machine learning 

models for geophysical property estimation using MWD data, b) identifying 

which MWD features are most influential in predicting geophysical 

parameters and c) providing insights into the limitations of ML in geological 

applications and suggesting pathways for improvement. 

To clarify these contributions and address concerns about accuracy, we have 

made the following revisions: 

• Explicitly state in the Introduction that the study’s value lies in feature 

importance analysis and model benchmarking, rather than just 

achieving high predictive accuracy (lines 83-85). 

• Acknowledge in Section 3.2 the challenge of predicting density despite 

its relatively narrow range, attributing errors to operational variability, 

sensor noise, and geological heterogeneity (lines 477-481. 

• Explain in Section 3.2 why additional scatter plots were not included 

and why tabulated results were chosen for a clearer comparative 

analysis (lines 407-410). 

• Emphasize in the Discussion that while model accuracy is limited, the 

study still provides valuable insights into ML applicability and feature 

selection for MWD-based predictions (lines 630-634). 

• Highlight in the Conclusion that the study establishes a benchmark for 

future ML research in MWD-based geophysical modeling (lines 712-

714) 

Minor Issues 

Comment 4: 1. The reported rock density range (1.5 to 4.5 t/m³) appears 

questionable. Typically, rock densities rarely exceed 3 t/m³. The authors 

should verify the accuracy of their data to ensure it aligns with geological 

expectations. 

Response 4: Thank you for your comment. The reported rock density range 

(1.5 to 4.5 t/m³) is based on site-specific geological data and aligns with 
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observed variations in mineral composition. Figure 3a’s y-axis include 4.5 

t/m³ but very few samples were in this range. Most samples were less than 

4.0 t/m³. High-grade banded iron formations (BIF) containing significant 

hematite enrichment often exhibit densities approaching and sometimes 

exceeding 4.0 t/m³ due to the high specific gravity of hematite (5.26 t/m³). 

When hematite is intergrown with dense shale components, bulk densities 

over 4.0 t/m³ are plausible. 

For validation, we have reviewed density measurements from drill core 

samples and compared them with literature values. Studies such as Guo 

2023 (doi: 10.3934/geosci.2023003) report similar density ranges for high-

grade hematite-rich BIFs. 

Comment 5: 2. The clarity of the figures is suboptimal, making it difficult to 

interpret key results. The authors should enhance the resolution and 

readability of all figures. 

Response 5: Thank you for your feedback. We acknowledge that the figures 

are relatively small. However, they remain legible and provide the necessary 

details to interpret key results. The current formatting ensures that all 

relevant data is presented concisely within the constraints of the manuscript. 

To improve readability, we will enhance the resolution of the figures and, 

where feasible, adjust their size to optimize clarity without exceeding layout 

limitations. Additionally, we will refine the labeling and contrast further to aid 

interpretation. We appreciate your suggestion and will ensure that the figures 

are as clear as possible in the revised version. 

Comment 6: 3. Figure 9 should be in color to maintain consistency with 

previous figures and improve visual clarity. 

Response 6: Thank you for your comment. We acknowledge the suggestion 

to present Figure 9 in color. However, we have intentionally used different 

shades of grey to maintain consistency with other figures. Specifically, the 

first variable (caliper in this case) is displayed in varying shades of grey for 

both the full 20-variable experiments and the reduced-feature experiments, 

following the same approach used for density (dens) in the density and 

gamma plot and magnetic susceptibility (magsus) in the magsus and 

resistivity plot. 

This consistent formatting ensures uniformity across all figures while 

preserving clarity in differentiating the experimental conditions. However, to 

enhance readability, we will refine the contrast in Figure 9 to further 

distinguish between data groups while maintaining the established grayscale 

scheme. We appreciate your feedback and will make minor adjustments to 

optimize visual clarity. 
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Comment 7: 4. Furthermore, the authors should provide scatter plots similar 

to Figure 6 for other predicted parameters to give a clearer visualization of 

model performance. 

Response 7: Thank you for your suggestion. We agree that additional 

scatter plots could provide further insights into model performance. However, 

including scatter plots for all predicted parameters would significantly 

increase the length of the manuscript. Instead, we have provided an example 

scatter plot for density (dens) in Figure 6 to demonstrate model performance. 

This example is representative of the general trends observed across other 

parameters. We appreciate your feedback on the matter of balancing 

transparency while maintaining conciseness. 

Comment 8: In its current state, the paper does not meet the quality required 

for publication, particularly due to the two major issues highlighted. The 

authors need to critically rethink the purpose of their research rather than 

treating ML modeling as a data-driven exercise without meaningful scientific 

insight. However, given the substantial effort invested, I recommend a major 

revision. The authors should make fundamental improvements, refocusing on 

the core research questions, to bring the paper up to the necessary standard 

for publication. 

Response 8: We sincerely appreciate your feedback, which has helped 

refine our presentation of the study’s contributions. We hope these revisions 

adequately address your concerns and improve the clarity of our work. 

Please let us know if any further clarifications are needed. 

 

Reviewer 2 (Round 2) 

Comment 1: The authors have not adequately addressed all the comments. 

1. First, the claim of innovation in feature selection is unconvincing. 

Feature engineering, including feature selection, is a standard practice 

in machine learning. The use of MARS for feature selection only adds 

some interpretability to the data, but the experimental results show 

that the inclusion of these features has minimal impact on the model's 

computation time. Additionally, using variance and ratio as features is 

unconventional. In theory, such features, like ratios, could be learned 

by more complex neural network architectures. 

Response 1: We respectfully disagree with the assertion that our feature 

selection approach lacks innovation. While feature engineering is a standard 

practice in machine learning, the application of Multivariate Adaptive 

Regression Splines and Projection Pursuit Regression for feature selection in 

Measure-While-Drilling data is novel within the context of geophysical 

parameter prediction. Prior studies have predominantly relied on Principal 
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Component Analysis or expert judgment, which do not provide an objective, 

data-driven assessment of feature importance. MARS and PPR offer an 

interpretable means of evaluating the contribution of each feature, allowing 

us to systematically determine which variables enhance prediction accuracy 

and which can be omitted to improve computational efficiency. 

Regarding the concern about the impact of feature selection on computation 

time, we clarify that the importance of feature selection is not solely for 

reducing computation time. Rather, it serves to identify the most relevant 

input features for predictive modeling, reducing dimensionality and increasing 

the generalizability of models in real-world applications. Furthermore, the use 

of variance and ratio features is grounded in domain knowledge, reflecting 

established physical relationships in rock mechanics. While deep learning 

models might theoretically learn these relationships, the primary goal here is 

to use transparent and explainable methods that allow for interpretability, 

which is critical for practical deployment in mining operations. 

Comment 2: Second, while the authors compare several machine learning 

models, the models chosen are outdated and perform poorly. This 

comparison lacks meaningful insights, as the models do not represent the 

state-of-the-art in machine learning, making it difficult to draw any substantial 

conclusions from the results. 

Response 2: The reviewer suggests that the models chosen are outdated 

and perform poorly. However, our model selection was deliberate and based 

on the practical considerations of mining operations, where interpretability, 

computational efficiency, and robustness matter more than using the latest 

deep learning techniques. 

Decision Trees, Random Forests, Support Vector Machines, Gaussian 

Process Regression, and Linear Regression are widely used in industrial 

settings because they provide explainable and verifiable results. Unlike 

black-box neural networks, they allow operators and geologists to understand 

the relationships between input features and predictions. Neural Networks 

were also evaluated, demonstrating that larger datasets improve their 

performance, but their lack of interpretability limits their practical adoption in 

mining applications. 

The claim that our results lack meaningful insights overlooks the fact that 

comparing various models under different feature selection strategies is 

crucial for evaluating their effectiveness in geophysical prediction. Rather 

than aiming to chase state-of-the-art AI models, this study focuses on 

developing a practical, transparent framework applicable to the mining 

industry. 

Furthermore, we emphasize that high model performance alone does not 

justify the adoption of a technique in mining. The need for real-time 
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implementation, domain interpretability, and resistance to overfitting in sparse 

datasets outweighs marginal gains in predictive accuracy achieved by deep 

learning. 

Comment 3: It's from the Response3. 

Benchmarking Issue: The claim that the dataset represents a benchmark for 

machine learning models in geophysical property estimation is problematic. 

In addition to the dataset not being widely used and it seems not open 

source, the feature selection process also deviates from common practices. 

These issues, combined with the use of non-mainstream methods, make it 

difficult to justify this study as a benchmark. 

Lack of Insights: The greatest issue with the paper is the lack of meaningful 

insights. The results are not analyzed deeply, and simply comparing poor 

model performances over time does not provide valuable insights. The 

models fail to capture the underlying relationships within the data, and 

comparing multiple suboptimal models does not lead to any significant 

conclusions or improvements in understanding. Without a deeper analysis of 

the results, the claims about the insights gained from this work are 

unsubstantiated. 

Response 3: We acknowledge that the dataset used in this study is not 

publicly available due to confidentiality agreements with the mining company 

that provided it and have removed the benchmark term from the manuscript 

to avoid doubt. Therefore, we do not claim that this dataset represents a 

formal benchmark for the broader machine learning community. However, 

within the context of MWD-based geophysical prediction, this dataset serves 

as a valuable reference point for evaluating feature importance and model 

performance in real-world mining applications. 

The dataset consists of high-resolution, real-world MWD data from active 

mine sites, capturing operational complexities that are absent in publicly 

available datasets. While we do not claim this as an industry-wide 

benchmark, the methodology and results provide insights that can guide 

future work in geophysical parameter estimation using MWD data. The 

feature selection framework and model comparisons remain relevant for both 

research and industrial applications, even if the dataset is proprietary. 

The assertion that our feature selection approach "deviates from common 

practices" is also misplaced. Traditional feature selection methods such as 

PCA have inherent limitations in determining variable significance in 

nonlinear relationships. By using MARS and PPR, we offer a more robust 

approach that allows domain experts to validate model behavior. 

Comment 4: The authors continue to avoid addressing the poor performance 

of the prediction models. The results lack sufficient analysis, and based on 

my rough estimation from GAMA, the best RMSE reported in Table 8 is 
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around 10. From Figure 3, it appears that the majority of GAMA values fall 

within the range of 10, with others ranging from 20 to 40. Doing a rough 

calculation, the error percentage is approximately 30%, which still represents 

the best performance among all models. I believe this approach is insufficient 

for reliably predicting geophysical parameters. How can such performance be 

considered a benchmark? 

Response 4:  The reviewer claims that our results lack sufficient analysis 

and that the model performances are poor. We argue the analysis provided is 

already extensive, covering multiple models, feature selection techniques, 

and real-world mining datasets. The detailed comparisons of feature 

importance and model performance provide significant insights into the role 

of MWD data in geophysical prediction. Moreover, the assertion that the 

models fail to capture underlying relationships is incorrect. The results 

demonstrate that geophysical parameter prediction is inherently complex, 

and that traditional mining sensors may not always capture relationships with 

sufficient precision. Furthermore, the RMSE values and performance metrics 

have been rigorously analyzed, and we acknowledge the inherent difficulty of 

geophysical property prediction. However, the reviewer’s calculation of a 

30% error without considering the scale of the problem, geological variability, 

and sensor noise is an oversimplification. The prediction performance should 

be evaluated within the context of mining applications, where even partial 

improvements in geophysical modeling can yield substantial operational 

benefits. 

Comment 5: Additionally, the authors justify the limited number of figures by 

citing page restrictions, but given that only eight figures are included, this 

explanation seems insufficient. Most journals would not impose such strict 

limits. 

Response 5: We reiterate that our selection of figures was intentional and 

aimed at focusing on the most critical aspects of the study. While additional 

figures could be added, the current ones effectively illustrate the key findings 

without unnecessary redundancy. 

Comment 6: The authors' overall revision mainly consists of statements and 

clarifications, without substantial improvements. The experiments involve a 

lot of comparisons regarding feature selection and the performance of 

outdated models, which do not offer meaningful insights. I suggest the 

authors test these models on simpler, open-source prediction tasks, where 

the results would be more trustworthy. Predicting geophysical well log data 

from MWD is inherently a complex problem and attempting to solve it with 

such basic models is not convincing. 

Response 6: We acknowledge the reviewer’s suggestion to test on simpler, 

open-source prediction tasks. However, we stand by our decision to focus on 
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real-world MWD data, as it is more relevant to the mining industry. Open-

source datasets do not typically capture the unique challenges of mining 

geophysical predictions, including drilling inconsistencies, sensor noise and 

geological heterogeneity. Moreover, this study is not intended to develop a 

general-purpose ML method applicable to all domains but rather to refine and 

assess ML methods for a highly specialized and critical industrial application. 

We appreciate the reviewer’s critical perspective, but we maintain that our 

approach is valid, practical and relevant for mining applications. The study’s 

contributions lie in: 

1. Applying MARS and PPR for feature selection in MWD data, providing 

an interpretable and systematic evaluation of feature importance. 

2. Foundational MWD analysis using traditional ML models in a real-

world mining context, where interpretability and efficiency are 

paramount. 

3. Demonstrating the feasibility of using ML for geophysical prediction 

despite inherent data limitations, highlighting both the challenges and 

opportunities for future research. 

We do not claim that the dataset represents a universal benchmark for 

geophysical prediction in machine learning, but rather a real-world case study 

that informs future research and industry applications. 

 

Reviewer 3 

Comment 1: This is an interesting paper that should be of value to the 

community. 

Response 1: Thank you. 

Comment 2: Why the data from two mine sites were combined should be 

explained. 

Response 2: The data from Brockman pit and Marra Mamba pit were 

combined to enhance the robustness and generalizability of the predictive 

models. By integrating data from different geological formations, we ensured 

that the machine learning models captured a wider range of variability, 

increasing their applicability across diverse mining conditions. This 

clarification has been added to the Methods section (lines 183-184). 

Comment 3: Are artificial intelligence (AI) regression models same as the 

machine learning models? 

Response 3: In the Introduction, we have clarified that machine learning is a 

subset of artificial intelligence. The study specifically employs ML-based 
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regression techniques, such as decision trees, random forests and Gaussian 

processes, to model geophysical relationships from drilling data. 

Comment 4: In line 198, what is quartile detection methods and 1.5-factor 

threshold? 

Response 4: The quartile detection method is a statistical approach used to 

identify and remove outliers. In this study, we applied the interquartile range 

method, where any values lying beyond 1.5 times the IQR were considered 

outliers and removed. This explanation has been expanded in the data 

preprocessing section (lines 200-201). 

Comment 5: In lines 298 and 300, the equations should be consistent. Is 

f(x_{i})^{2} the value predicted from the model? if so, x_{i} in Equation (4) 

should use the same notation. 

Response 5: We have corrected the notation inconsistency in Equation (4), 

ensuring that f(xi)^2 correctly refers to the predicted value and that xi is used 

consistently throughout the text. 

Comment 6: Please clarify the statement in lines 404 to 406. 

Response 6: We have reworded this section to clearly state that the types of 

geophysical outputs predicted from the MWD input variables. 
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Paper C: Peer Review Comments and Responses 

Goldstein, D., Aldrich, C., Shao, Q., & O'Connor, L. (2025). A Machine 

Learning Classification Approach to Geotechnical Characterization Using 

Measure-While-Drilling Data. Geosciences, 15(3), 93. 

https://doi.org/10.3390/geosciences15030093 

 

Reviewer 1 

Comment 1: Better to include deep learning algorithms to see the accuracy 

of the results. Includes ANN and CNN. 

Response 1: We appreciate the reviewer’s suggestion to incorporate deep 

learning algorithms such as Artificial Neural Networks and Convolutional 

Neural Networks to evaluate their predictive accuracy. While ANN and CNN 

are powerful techniques, our study primarily focuses on interpretable 

machine learning models suitable for geotechnical applications. Many mining 

operations require transparent models that provide clear feature importance 

and decision-making rationale, which is a key limitation of deep learning 

models, often regarded as "black-box" approaches. 

However, we acknowledge the value of deep learning methods in 

geotechnical classification and will explore them in future work. Specifically, 

ANN models could be used for handling non-linear relationships in MWD 

data, while CNNs, which are typically applied to spatial and image-based 

data, may be less suitable for tabular MWD datasets. Future work will 

compare ANN models with traditional ML approaches to assess their viability 

in high-resolution geotechnical characterization. 

To clarify the scope of this study, we have added the following statement in 

the Discussion section: 

“While this study focuses on conventional ML approaches due to their 

interpretability and practical application in mining operations, future research 

may explore deep learning models such as Artificial Neural Networks and 

Convolutional Neural Networks to enhance classification performance. While 

these models can capture complex, non-linear relationships in datasets, 

which may further refine classification accuracy, deep learning models often 

function as "black boxes," limiting their practical use in mining operations 

where explainability is critical. Therefore, while deep learning approaches 

hold potential, the trade-off between accuracy and interpretability remains a 

key consideration for re-al-time geotechnical decision-making.” 

https://doi.org/10.3390/geosciences15030093
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Reviewer 2 

The paper “A Machine Learning Classification Approach to Geotechnical 

Characterisation using Measure-While-Drilling Data” presents a novel 

framework for classifying geotechnical properties (e.g., stratigraphic unit, 

rock/soil strength, rock type, Geological Strength Index and weathering 

intensity) using data collected from Measure-While-Drilling (MWD) systems. 

The authors compare several machine learning (ML) classifiers—including 

Decision Trees, Support Vector Machines, K-Nearest Neighbors, Random 

Forests, Linear Discriminant Analysis and Naïve Bayes—along with two 

feature selection algorithms (MRMR and ReliefF) to identify the most 

influential drilling parameters. The topic is interesting, with significant 

contributions to industry. There are a few major gaps in the paper: 

Comment 1: The proposed method, which derives key geological attributes 

solely from MWD data, raises concerns about its potential misuse as a 

substitute for comprehensive testing. It appears designed to deliver 

immediate responses, which might encourage users to forgo additional, 

necessary tests that capture the intricate interplay among various geological 

factors. To prevent this risk, the authors should clearly define the boundaries 

and conditions under which their machine learning approach is valid. 

Emphasizing that the method is intended to supplement not replace 

traditional testing will help ensure that critical synergies among influencing 

factors are not overlooked. 

Response 1: We fully acknowledge the importance of ensuring that our ML 

approach is not perceived as a replacement for traditional geotechnical 

testing. Our methodology is intended to enhance the spatial resolution of 

geotechnical classification while working alongside established field and 

laboratory testing methods. A new statement has been added to the 

Discussion section: "This machine learning approach is intended to 

complement, rather than replace, traditional geotechnical testing. While the 

models can improve spatial resolution and provide real-time insights, they 

should be used in conjunction with conventional methods such as laboratory 

strength tests, geophysical wireline logging and geological mapping. 

Ensuring a balanced approach between AI-driven insights and field validation 

is crucial for robust geotechnical characterization." (lines 455-461) 

Comment 2: Based on the reviewer's experience, incorporating the XGBoost 

method could be a valuable addition to the study. XGBoost, known for its 

robustness and efficiency in handling structured data, might deliver results 

that are as good as or even superior to those obtained using KNN and 

Decision Trees. Could the authors run an additional XGBoost model ? 

Response 2: We appreciate the reviewer’s suggestion to incorporate 

XGBoost. However, we have deliberately focused on a selection of 
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interpretable ML models suited for practical geotechnical applications. While 

XGBoost is a powerful algorithm, it introduces additional complexity, such as 

extensive hyperparameter tuning and a reduction in interpretability compared 

to models like Decision Trees and Random Forests. In mining operations, 

explainability and traceability of predictions are critical for geotechnical 

decision-making, making simpler models more suitable. 

Additionally, our study primarily investigates classification-based ML 

approaches that can be readily implemented in mining operations without 

requiring extensive computational resources. XGBoost, while effective, is 

optimized for large-scale datasets with complex interactions, whereas our 

dataset is structured and relatively low-dimensional. Given these factors, we 

have opted not to include XGBoost in this study. 

Comment 3:  As shown in Figure 4, the skewed or nonnormal class 

distributions of data were observed, especially in weathering intensity, rock or 

soil strength, geological strength index. The model may become biased 

toward predicting the majority class. This can reduce accuracy for 

underrepresented classes and lead to misleadingly high overall accuracy. 

The evaluation framework currently focuses mainly on accuracy, which might 

not fully capture the nuances of prediction errors. Please consider add AUC, 

F1-score as indices. 

Response 3: We acknowledge the concern regarding class imbalance and 

appreciate the suggestion to include additional evaluation metrics. However, 

we have chosen to focus on accuracy and misclassification cost as primary 

evaluation metrics due to their direct relevance to practical geotechnical 

decision-making. 

The primary reason for not including AUC is that it is best suited for binary 

classification tasks and imbalanced datasets where distinguishing between 

positive and negative classes is critical. In contrast, our study involves multi-

class classification problems, where overall prediction accuracy and 

misclassification cost are more meaningful indicators of model performance. 

Additionally, F1-score is most useful when precision and recall trade-offs are 

a primary concern (e.g., in medical diagnostics or fraud detection), but in our 

case, the primary objective is to achieve high spatial resolution of 

geotechnical properties using MWD data rather than minimizing false 

positives or false negatives in a specific category. 

To address class imbalance, we have instead ensured that the dataset was 

partitioned in a manner that prevents overfitting to majority classes and we 

have explicitly discussed model misclassifications where they occur. 

Comment 4: In addition to the filter-based approaches (MRMR and ReliefF) 

shown in Figure 5, Could author derive model-based feature importance from 

the best-performing tree-based classifiers such as XGBoost and Decision 
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Trees to see whether their internal rankings align with the earlier results (See 

https://doi.org/10.1680/jenge.22.00181). Please add the modeling workflow in 

this study. 

Response 4: We appreciate the reviewer’s suggestion to further validate 

feature selection results using model-based feature importance. However, 

our study focuses on the feature selection methods MRMR and ReliefF due 

to their independence from specific machine learning models and their ability 

to rank features based on relevance and redundancy rather than model-

specific biases. These methods are well-established in feature selection, 

where maintaining model-agnostic feature rankings is important for broad 

applicability. 

Furthermore, incorporating model-based feature importance from tree-based 

classifiers would introduce dependency on a specific algorithm, potentially 

skewing feature selection towards the internal mechanics of that model. 

Since the primary objective of this study is to evaluate general feature 

importance across multiple classifiers, we have deliberately focused on 

MRMR and ReliefF rather than deriving feature importance from individual 

machine learning models. 

 

Reviewer 3 

Comment 1: The article is suitable for publication in “Geosciences,” but 

some minor revisions should be made. Lines 128-129: Were these blast 

holes evenly spaced, according to a specific pattern or ore deposition, or 

randomly? Please explain. 

Response 1: The blast holes were not randomly distributed. They were 

arranged according to a specific drilling pattern based on mine design and 

orebody geometry. Production blast holes followed an 8m × 7m spacing 

pattern to ensure efficient fragmentation, while wall control holes were 

spaced more closely to maintain pit slope stability. This information has been 

clarified in the manuscript as follows: The blast holes were arranged in a 

structured drilling pattern. Production holes followed an 8 meter by 7 meter 

grid pattern, while wall control holes had closer spacing to maintain slope 

stability. This spacing was designed to optimize fragmentation and minimize 

overbreak. 

Comment 2: Lines 149-150: What could cause data points with negative 

values for rate of penetration, torque, force on bit, or bit axial pressure? 

Please explain. 

Response 2: Negative values in the MWD dataset are typically the result of 

sensor errors, calibration issues, or data transmission anomalies rather than 

physical drilling conditions. These may arise due to sudden rig shutdowns, 
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incorrect zeroing of sensors, or temporary signal loss. We have expanded on 

this explanation in the manuscript by including “Negative values for MWD 

features are likely caused by sensor calibration issues, temporary signal loss, 

or data logging errors rather than actual negative drilling responses. Such 

anomalies can occur due to sudden rig stoppages, incorrect zeroing of 

sensors, or transient fluctuations in the onboard MWD data acquisition 

system.” 

Comment 3: Lines 154-156: How many exploration holes were drilled? 

Please characterize raw rock parameter data (before use of the K-Nearest 

Neighbor distance-based search technique). 

Response 3: We appreciate the reviewer’s request for further clarification 

regarding the number and type of exploration holes. This information is 

already provided in the Methods section (Lines 87-89), which details that 12 

diamond core drill holes and 211 reverse circulation (RC) drill holes were 

used for geological characterization. 

Regarding the characterization of raw rock parameter data, we regret that we 

are unable to provide the original raw geotechnical data due to confidentiality 

agreements with the mining company. However, the manuscript includes all 

data relevant to the MWD data analysis results, ensuring transparency in the 

study’s methodology and findings. 

Comment 4: Line 289: The scale in Fig. 3 should have the same range for 

positive and negative numbers. 

Response 4: We acknowledge the discrepancy in the scale range of Figure 

3. The figure has been revised to ensure that the positive and negative 

ranges are balanced for consistency. 

Comment 5: Lines 292-293: Do the presented data concern raw rock 

parameter data (from exploration holes), or are these already data merged to 

blast holes? Please explain. 

Response 5: The data presented in this section correspond to merged data 

after the K-Nearest Neighbor distance-based search technique was applied. 

However, we acknowledge that this distinction was not explicitly stated and 

have clarified it in the manuscript by including “The presented data 

correspond to the merged dataset after applying the K-Nearest Neighbor 

distance-based search technique to integrate exploration hole geotechnical 

observations with blast hole MWD measurements. The original raw 

exploration data were independently logged before this merging process." 

(lines 293-297) 

Comment 6: Lines 336-358: Please provide the values of the most important 

hyperparameters for selected machine learning algorithms. 
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Response 6: We agree that providing hyperparameter values will improve 

the clarity of our methodology. We have added a column to Table 3 in the 

Methods section (line 229) summarizing the key hyperparameters used for 

the each algorithm in the study for classification-based ML models 
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Paper D: Peer Review Comments and Responses 

Goldstein, D., Aldrich, C., Shao, Q., & O’Connor, L. (2025). Unlocking 

Subsurface Geology: A Case Study with Measure-While-Drilling Data and 

Machine Learning. Minerals, 15(3), 241. https://doi.org/10.3390/min15030241 

 

Reviewer 1 

Dear Authors, 

The estimation of geotechnical properties using MWD data and ML 

techniques requests proper sampling, techniques for survey and appropriate 

application fileds (excavation, mass properties, geostructural data restitution). 

Algorithms can help to provide a pattern of joints that can be compared with 

results in terms of blast efficiency, contour quality and joint behaviour. 

Comment 1: Too many keywords, some are generic: Artificial Intelligence 

(AI); Machine Learning (ML); Geotechnical Engineering; 

Response 1: We have revised the keyword list to focus on more specific 

terms directly related to the study’s scope. Generic keywords such as 

"Artificial Intelligence (AI)," "Machine Learning (ML)," and "Geotechnical 

Engineering" have been removed. We have replaced with more precise 

descriptors including: Measure-While-Drilling (MWD) Geotechnical 

Characterization, Boruta-SHAP Feature Importance, Rock Mass Prediction, 

Machine Learning in Mining and Subsurface Geotechnical Modeling. 

Comment 2: Some points should be clarified: for example at line 491-492 

the concept expressed should be more detailed. 

Response 2: We have expanded the discussion at lines 491-492 to provide 

additional details on the methodology and interpretation of results. The 

revision clarifies how Boruta-SHAP ensures statistical robustness in feature 

selection and its advantages over traditional methods. 

The text added is as follows: Unlike PCA-based feature selection, which 

primarily identifies directions of maximum variance without necessarily 

ranking feature importance for predictive modeling, Boruta-SHAP ensures 

statistical robustness by comparing real MWD variables against shadow 

features. The method’s reliance on Shapley values allows for the 

quantification of nonlinear feature interactions, preserving only the most 

informative variables while eliminating redundant or weak predictors. This 

enhances model interpretability, enabling the reliable identification of key 

MWD parameters that govern geotechnical conditions, ultimately supporting 

more effective decision-making in mine planning and slope stability 

assessments. 

https://doi.org/10.3390/min15030241
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Comment 3: Too many acronyms along the text, some should be omitted to 

let more fluent the paper. 

Response 3: We have reviewed and reduced the use of acronyms 

throughout the manuscript, ensuring clarity and readability. Unnecessary 

abbreviations have been replaced with full terms. 

Comment 4: Captions of fig. 12-13-14 - 15 should be extended 

Response 4: The captions for Figures 10-15 have been expanded to provide 

more explanatory detail, including descriptions of key trends, variables and 

implications for geotechnical characterization. 

Comment 5: Comment more about feasibility on GSI estimation, as Authors 

of the classification method have been cautious in the past year literature. 

Response 5: A dedicated response in the Discussion section on the 

feasibility of GSI estimation using MWD data has been added. We 

acknowledge caution include a critical evaluation of the limitations and 

potential applications of our approach. 

The text added is as follows: The feasibility of estimating GSI, a calculated 

property, using Measure-While-Drilling data presents both opportunities and 

challenges. MWD variables, particularly bit air pressure, torque-to-

penetration ratio and force-on-bit, exhibit correlations with GSI, offering 

potential for real-time, high-resolution rock mass characterization. However, 

GSI is inherently a visual classification system, making direct numerical 

mapping challenging, especially when structural features like joint spacing 

and weathering are not explicitly captured by drilling responses. Additionally, 

bit wear, operational variability and differences in spatial resolution between 

MWD datasets and traditional geotechnical logging introduce uncertainty in 

predictive models. To improve reliability, MWD-based GSI estimates should 

be validated against mapped discontinuities and geophysical data, with site-

specific calibration of machine learning models. Despite these limitations, 

integrating MWD-derived GSI predictions into mine planning and slope 

stability models could enhance geotechnical decision-making by providing 

continuous, large-scale assessments of rock mass conditions. 

Comment 6: Porosity and UCS of rock: how can be evaluated and how they 

influence behaviour of joints? 

Response 6: We have expanded the discussion on how porosity and rock 

strength can be estimated using indirect MWD parameters. Additionally, we 

describe their influence on joint behavior. 

The text added is as follows: Porosity and UCS significantly influence rock 

mass behavior and joint stability and while traditionally measured via core 

testing, they can be indirectly estimated using Measure-While-Drilling 
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variables. High porosity typically correlates with lower rock strength, as 

increased void space weakens rock cohesion, often reflected in lower torque, 

penetration rate and force-on-bit values. Conversely, low-porosity, high-

strength rocks exhibit greater resistance, requiring higher drilling energy. 

These variations impact joint behavior, with porous, low-UCS rocks 

developing persistent, open joints prone to shear failure, while high-UCS 

formations exhibit tighter, more discontinuous fractures. By integrating MWD-

derived estimates with geophysical data and site-specific calibration, mine 

operators can improve geotechnical risk assessments and slope stability 

management, enhancing excavation efficiency and safety. 

Comment 7: Few references following the editorial rules, to focus on 

applications and importance of preliminary detection of properties also thanks 

to equipment performances: 

(a) Rock Classification Using Multivariate Analysis of Measurement While 

Drilling Data: Towards a Better Sampling Strategy, by Veena S. 

Vezhapparambu, in Minerals, DOI: 10.3390/min8090384 

from the cited Madrid school of mining: 

(b) Damage and contour quality in rock excavations for quarrying and 

tunnelling: Assessment for properties and solutions for stability, by 

Costamagna, E., in proceedings EUROCK 2021, doi 10.1088/1755-

1315/833/1/012137 

Response 7: The reference list has been updated to include the suggested 

papers: 

(a) Rock Classification Using Multivariate Analysis of Measurement While 

Drilling Data: Towards a Better Sampling Strategy by Veena S. 

Vezhapparambu (DOI: 10.3390/min8090384). 

(b) Damage and Contour Quality in Rock Excavations for Quarrying and 

Tunneling: Assessment for Properties and Solutions for Stability by 

Costamagna, E. (EUROCK 2021, DOI: 10.1088/1755-1315/833/1/012137). 

These references have been cited in relevant sections to strengthen the 

discussion on the application of MWD data for preliminary geotechnical 

assessments. 

 

Reviewer 2 

Comment 1: This study presents an application of Boruta-SHapley Additive 

ExPlanations (Boruta-SHAP) for geotechnical characterization using 

Measure-While-Drilling (MWD) data, enabling a more interpretable and 

statistically rigorous assessment of feature importance. Pit-scale Measure-

While-Drilling (MWD) data was used to characterize geotechnical properties 
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via regression-based algorithms. The results are plausible, confirming that 

MWD data could provide a high-resolution description of geotechnical 

conditions prior to mining leading to a more confident prediction of 

subsurface geotechnical properties. Therefore, the fragmentation from 

blasting as well as downstream operational phases, such as digging, hauling 

and crushing, could be improved effectively. Useful conclusions arise. 

Nevertheless, before it is accepted for publication some issues described 

below have to be answered. 

Response 1: We acknowledge the reviewer’s comments and have 

incorporated clarifications, expanded explanations and additional references 

where needed. The revisions improve the clarity, rigor and 

comprehensiveness of our study. 

Comment 2: It is written: 

“The data used in this paper are the same as in Goldstein et al. [27,49,50] 

which aimed to predict wireline geophysical measurements, geochemical 

assay values and geotechnical categories from the same MWD dataset.” 

Please answer the following questions: 

Why were these data used and chosen? 

Why not choose other data? 

Explain this in detail. 

It is written: 

“The Marra Mamba Formation and Brockman Formation of the Hammersley 

Group were the deposits analyzed in this study, as they are the greatest 

sources of economic Pilbara iron ore [52].” 

Please answer the following questions: 

Why were these deposits chosen? 

Why not choose other deposits, too apart from those two? 

Explain this in detail. 

Response 2: The dataset used in this study, derived from Goldstein et al. 

[27,49,50], was chosen as it was part of the first author's PhD project, which 

focused on enhancing orebody knowledge using Measure-While-Drilling 

data. This dataset was selected due to its high spatial resolution, extensive 

geotechnical characterization and the availability of validated ground-truth 

datasets (wireline geophysics, geochemical assays and geotechnical 

categories). These factors allowed for robust validation of MWD-based 

predictive models. 
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Additionally, this dataset was sourced from an active mining operation, 

ensuring its relevance to industry applications. Alternative datasets from 

other mining regions were not selected due to the lack of consistent 

geotechnical validation data or differences in drilling system configurations, 

which could introduce additional uncertainties. Given that this study is a 

continuation of the first author's PhD research, it builds on prior analyses and 

extends the methodology to improve geotechnical characterization through 

advanced feature importance techniques. 

The Marra Mamba Formation and Brockman Formation were selected 

because they are among the primary sources of economic iron ore in the 

Pilbara region, representing distinct geotechnical domains within the 

Hammersley Group. These formations provide a well-characterized, high-

volume dataset with contrasting rock strength and fracturing characteristics, 

making them ideal for testing feature selection methodologies. While 

including additional deposits could broaden the study’s scope, this initial work 

aims to validate the methodology within a well-understood geological setting 

before expanding to more variable deposits. 

Comment 3: It is written: 

“The burden and spacing of the production blast holes averaged 7 meters 

and 8 meters, respectively.” 

Please answer the following questions: 

Why 7 and 8 meters? 

Why not other burden and spacing? 

Explain this in detail. 

Response 3: The burden (7m) and spacing (8m) were selected by the mine 

operator based on mine operational standards for optimizing blast 

fragmentation while minimizing overbreak. These values align with best-

practice guidelines for iron ore mining in similar rock masses, balancing 

explosive energy distribution and excavation efficiency. Alternative spacing 

configurations were not considered in this study, as they require site-specific 

optimization beyond the scope of this research. 

Comment 4: It is written: 

“The results of this comparison (Table 2) demonstrate all models performed 

better with 

the Engineered features, increasing R² by 10-40% and reducing RMSE by up 

to 40%.” 

Please answer the following questions: 
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Why did this happen with the Engineered features? 

Why not with the Measured features? 

Explain this in detail. 

Change the following phrase to: 

“Boruta-SHAP is derived from cooperative game theory, where the 

contribution of each 

feature is computed as the marginal contribution across all possible feature 

subsets [47].” 

Include the above changes accordingly, as they are proposed with the bold 

letters 

Response 4: The following detailed explanation has been added in the 

section prior to Table 2: 

Engineered features incorporate additional interactions between drilling 

parameters (e.g., torque-to-penetration ratios), which improve the predictive 

model’s ability to capture non-linear relationships. The measured features 

alone do not fully describe rock variability, while engineered features reduce 

noise and enhance feature differentiation, improving model accuracy. 

The suggested changes have been included with regard to bold letters. 

Comment 5: Change the following phrase to: 

“The similar skewness in both formations suggests variable penetration 

resistance, likely due to bit wear, operator variability and changing rock 

properties along the borehole.” 

Include the above changes accordingly, as they are proposed with the bold 

letters. 

Response 5: This change has been incorporated as per the reviewer’s 

request. 

Comment 6: It is written: 

“fob and tor are stronger predictors in BR, implying fractures are more 

mechanically induced, while in MM, structural factors likely dominate.” 

Please answer the following questions: 

Why is this happening? 

Why in MM structural factors likely dominate? 

Explain this in detail. 
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Response 6: The following text has been added as an explanation to 3.1 

MWD Exploratory Data Analysis in the Results section: 

The Marra Mamba formation is characterized by a greater presence of pre-

existing structural discontinuities (e.g., bedding planes, joints), which 

influence rock mass behavior more than mechanical drilling resistance. In 

contrast, the Brockman Formation has more competent, homogeneous rock 

where mechanical resistance dictates fracture behavior. 

Comment 7: Please answer the following questions: 

Are there any more publications to support that apart from those referred 

already? 

Especially throughout the whole paper, there are matters referring to soils 

and drilling, in 

which the following publication, since it seems to be relevant and helpful, 

should be used, 

too: 

• https://doi.org/10.1007/s12667-023-00613-z 

Response 7: This reference (https://doi.org/10.1007/s12667-023-00613-z) 

has been reviewed and incorporated where relevant, particularly in 

discussions on drilling-based geotechnical characterization. 

Comment 8: It is written: 

“iii. bap emerged as the most significant raw feature, reinforcing the role of 

flushing pressure in geotechnical characterization.” 

Please answer the following questions: 

Why has bap emerged as the most significant raw feature? 

Why not other features be more significant? 

Explain this in detail. 

Response 8: A detailed explanation has been included in the discussion 

section, as follows: 

Furthermore, bit-air-pressure was identified as a consistently high ranking 

important feature. This drilling variable plays a crucial role in clearing cuttings 

from the borehole, reducing friction and maintaining drilling efficiency. 

Variations in bap correlate strongly with rock mass competency, influencing 

both penetration efficiency and fracture response. 

Comment 9: Figure 10. 
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At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -20 value represent compared to +20 value? 

Response 9:  The following text has been added to section 3.1 to explain 

interpretation of SHAP values: 

Negative SHAP values indicate that the corresponding feature reduces the 

predicted value of the target variable, while positive SHAP values increase 

the predicted outcome. The magnitude of SHAP values reflects the strength 

of influence on the model’s prediction. 

Comment 10: Figure 11 

At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -15 value represent compared to +15 value? 

Response 10: As indicated in Response 9, an explanation has been added 

to the text to explain interpretation of SHAP values. 

Comment 11: Figure 12 

At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -4 value represent compared to +4 value? 

Response 11:  As indicated in Response 9, an explanation has been added 

to the text to explain interpretation of SHAP values. 

Comment 12: Figure 13 

At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -2 value represent compared to +2 value? 

Response 12: As indicated in Response 9, an explanation has been added 

to the text to explain interpretation of SHAP values. 

Comment 13: It is written: 

“The role of interaction-based variables further underscores these contrasting 

fracture behaviors.” 

Please answer the following questions: 

Why is this happening? 

Why does the role of interaction-based variables further underscore these 

contrasting fracture behaviors? 
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Explain this in detail. 

Response 13: The following explanation has been added to section 3.1.2 

Feature Importance Boruta-SHAP - FPM: 

Fracture behavior is influenced by the combined effects of multiple drilling 

variables rather than individual metrics alone. In the Brockman Formation, 

torque-related interactions (e.g., torque-to-penetration ratio) are dominant 

due to the rock’s competency, where fractures develop primarily through 

mechanical resistance. In contrast, in the Marra Mamba Formation, 

interactions involving fob and rop play a larger role, as pre-existing structural 

discontinuities such as bedding planes and joints govern fracture 

propagation. These findings emphasize the non-linearity in fracture 

formation, while individual features provide some predictive power, their 

interactions enhance explanatory capability by capturing localized rock 

heterogeneity and stress redistribution. This supports previous research 

indicating that fracture initiation is a function of both drilling resistance and 

geological structure. 

Comment 14: Figure 14 

At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -6 value represent compared to +6 value? 

Response 14: As indicated in Response 9, an explanation has been added 

to the text to explain interpretation of SHAP values. 

Comment 15: Figure 15 

At the X axis, what do the minus values represent compared to the positive 

values? 

E.g. what does -5 value represent compared to +5 value? 

Response 15: As indicated in Response 9, an explanation has been added 

to the text to explain interpretation of SHAP values. 

Comment 16: Table 3 

Please answer the following questions: 

• Which software has been used for the regression analyses? 

• Which model do the authors consider as better taking into account 

both R2 and time? 

 



173 
 

Response 16: The regression analyses were performed using MATLAB’s 

Regression Learner Toolbox, as described in section 2.6 Regression-based 

ML Methods. 

The following text was added to section 3.2 Regression-based ML Overview: 

Considering both R² and computational efficiency, Random Forest was 

selected as the most balanced model, offering high accuracy with moderate 

computational time, making it suitable for operational deployment. 

Comment 17: Table 4 

Please answer the following questions: 

• Which software has been used for the regression analyses? 

• Which model do the authors consider as better taking into account 

both R2 and time? 

Response 17:  As indicated in Response 16, the regression analyses were 

performed using MATLAB’s Regression Learner Toolbox, as described in 

section 2.6 Regression-based ML Methods. Moreover, as in Response 16, a 

section has been added to explain the selection of Random Forest as the 

most balanced model. 

Comment 18: Table 5 

Please answer the following questions: 

• Which software has been used for the regression analyses? 

• Which model do the authors consider as better taking into account 

both R2 and time? 

Response 18: As indicated in Response 16, the regression analyses were 

performed using MATLAB’s Regression Learner Toolbox, as described in 

section 2.6 Regression-based ML Methods. Moreover, as in Response 16, a 

section has been added to explain the selection of Random Forest as the 

most balanced model. 
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Paper E: Peer Review Comments and Responses 

Goldstein, D. M., Aldrich, C., & O’Connor, L. (2024). Enhancing Orebody 

Knowledge using Measure-While-Drilling Data: A Machine Learning 

Approach. IFAC-PapersOnLine, 58(22), 72-76. 

https://doi.org/10.1016/j.ifacol.2024.09.293. 

 

Reviewer 1 

 
Comment 1: 1.- In the caption of the figure, it should read 'Actual 
versus predicted values for...' instead of 'Actual versus 
predicted R2 values for...' to accurately reflect the 
content of the figure. 
 
Response 1: The authors appreciate the correction and have updated the 
figure caption as recommended. 
 
Comment 2: 2.- The R2 values presented do not seem to align with the 
results depicted in Figure 2. Please review and ensure 
consistency between the reported R2 values and the 
corresponding data in the figure. 
 
Response 2: The authors appreciate this and have double checked the R2 
values against the figure. A correction was inserted for one of the figure’s 
plot.  
 
Comment 3: 3.-It would be beneficial to include more detailed 
information about the dataset used in the study, such as 
the number of samples and the partition used for training 
the models. 
 
Response 3: The authors have included number of datapoints in section 2.3 
and the training vs testing split and cross-fold validation methods in section 
2.5 as well as including testing R^2 results in Table 2. 
 
Comment 4: 4.- It would be valuable to discuss the potential 
application of the proposed methodology for estimating 
geomechanical characteristics of the ore. 

Response 4: The authors have included a brief discussion of the value from 

forecasting geomechanical properties of rock using the techniques outlined in 

this study. Separate work focusing on this application is being prepared for 

publication. 

Reviewer 2 

Comment 1: A discription of the structure of the ML models would be 

https://doi.org/10.1016/j.ifacol.2024.09.293
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beneficial, or a description of the tools used to 
determine, for example, the number of nodes, layers, 
activation functions for NN the NN model. However the same 
would be useful for DT, SVM etc. 
 
Response 1: The authors appreciate the requested detail and have included 
a description of the ML model sub-type in section 2.5, such as Bagged 
Random Forests and Stepwise Linear Regression Models. 
 
Comment 2: It would also be useful if the data were split into 
training and testing datasets, so that the model 
performance could be validated using data that is not part 
of the training dataset. 

Response 2: The authors have included the training vs testing split and 
cross-fold validation methods in section 2.5 as well as including testing R2 
results in Table 2.  
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