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ABSTRACT 

Exploring mineral resources and transforming them into ore reserves is imperative 

for sustainable economic growth, particularly in low income developing economy 

countries. Limited exploration budgets, inaccessible areas, and long data 

processing times necessitate the use of advanced multidisciplinary technologies 

for minerals exploration and resource estimation. The conventional methods used 

for mineral resources exploration require expertise, understanding and knowledge 

of the spatial statistics, resource modelling, geology, mining engineering and clean 

validated data to build accurate estimations.  

In the past few years, data science has become increasingly important in the field 

of minerals exploration and estimation. This study is a step forward in this field of 

data science and its integration with minerals exploration and estimation. The 

research has been conducted to develop a state-of-the-art data science framework 

that can effectively use limited field data with remotely sensed satellite data for 

efficient mineral exploration and estimation, which was validated through case 

studies. Satellite remote sensing has emerged as a powerful modern technology 

for mineral resources exploration and estimation. This technology has been used 

to map and identify minerals, geological features, and lithology. Using digital image 

processing techniques (band ratios, spectral band combinations, spectral angle 

mapper and principal component analysis), the hydrothermal alteration of potential 

mineralization was mapped and analysed. Advanced machine learning and 

geostatistical models have been used to evaluate and predict the mineralization 

using field based geochemical samples, drillholes samples, and multispectral 

satellite remote sensing based hydrothermal alteration information. Several 

machine learning models were applied including the Convolutional Neural 

Networks (CNN), Random Forest (RF), Support Vector Machine (SVM), Support 

Vector Regression (SVR), Generalized Linear Model (GLM), and Decision Tree 

(DT). The geostatistical models used include the Inverse Distance Weighting (IDW) 

and Kriging with different semivariogram models. IDW was used to interpolate data 

points to make a prediction on mineralization, while Kriging used the spatial 

autocorrelation to make predictions. 
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In order to assess the performance of machine learning and geostatistical models, 

a variety of predictive accuracy metrics such as confusion matrix, a receiver 

operating characteristic (ROC) curve, and a success-rate curve were used. In 

addition, Mean Absolute Error, Mean Square Error, and root mean square 

prediction error were also used. The results obtained based on the 10 m spatial 

resolution show that Zn is best predicted with RF with significant R2 values of 0.74 

(p < 0.01) and 0.7 (p < 0.01) during training and testing. However, for Pb, the best 

prediction is made by SVR with significant R2 values of 0.72 (p < 0.01) and 0.64 (p 

< 0.01) for training and testing, respectively. Overall, the performance of SVR and 

RF outperforms the other machine learning models with the highest testing R2 

values. The experimental results also showed that there is no single method that 

can be used independently to predict the spatial distribution of geochemical 

elements in streams. Instead, a combinatory approach of IDW and kriging is 

advised to generate more accurate predictions. For the case study of copper 

prediction, the results showed that the RF model exhibited the highest predictive 

accuracy, consistency and interpretability among the three ML models evaluated 

in this study. RF model also achieved the highest predictive efficiency in capturing 

known copper (Cu) deposits within a small prospective area. In comparison to the 

SVM and CNN models, the RF model outperformed them in terms of predictive 

accuracy and interpretability.  The evaluation results have showed that the data 

science framework is able to deliver highly accurate results in minerals exploration 

and estimation. The results of the research were published through several peer 

reviewed journal and conference articles. The innovative aspect of the research is 

the use of machine learning models to both satellite remote sensing and field data, 

which allows for the identification of highly prospective mineral deposits. The 

framework developed in this study is cost-effective and time-saving and can be 

applied to inaccessible and/or new areas with limited ground-based knowledge to 

obtain reliable and up- to-date mineral information.  
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1. INTRODUCTION 

1.1. Research Background and Context 

Mineral exploration is an essential activity that has the potential to bring economic 

growth to low income developing economy countries. It provides the ability to 

identify and extract valuable minerals or energy sources, which can then be used 

to improve the quality of life in these countries. Unfortunately, mineral exploration 

in underdeveloped countries presents a range of challenges and limitations that 

can hamper progress (Gocht et al., 2012). One of the main challenges faced by 

underdeveloped countries is the lack of resources to fund mineral exploration. As 

shown in Figure 1.1, the contribution of low income developing economy countries 

to the world budget for mineral exploration is even less than 0.01%, which is 

significantly lower than that of other countries. 

 

Figure 1. 1 The share of countries in global exploration budget as extracted from 

S&P Global Market Intelligence report (Global, 2022) 
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This means that there is often a significant gap between the resources required for 

exploration and the resources available to invest. This can lead to a lack of 

investment in exploration, which can hinder the potential for economic growth. 

Additionally, in some countries, the lack of infrastructure can make it difficult to 

conduct mineral exploration activities. Many of these countries lack the roads, 

railways, pipelines, and other transport systems necessary to facilitate the 

transportation of goods and people. Without these systems in place, it is difficult 

for miners to access the sites they wish to explore. Another challenge is the lack 

of scientific and technological expertise to conduct mineral exploration (Litvinenko, 

2020). This can be an issue, as mineral exploration requires specialised skills that 

are not always available in these countries. Finally, the political and social 

dynamics of many underdeveloped countries often present significant challenges 

to mineral exploration. These countries typically have weak or non-existent legal 

systems, making it difficult for miners to secure the rights to explore and exploit 

mineral resources. Finally, the lack of a regulatory framework to govern exploration 

and exploitation activities in these countries is also a major concern. Without a 

clear set of regulations in place, it becomes difficult to control how resources are 

explored and exploited, and how the benefits of such activities are distributed. Due 

to all of these challenges and issues, there is an immediate need for a robust, 

reliable, and efficient method of mining exploration and exploitation not only for 

low-income developing economies, but also for developed economies. 

Satellite remote sensing has emerged as a powerful modern technology for mineral 

resources exploration in underdeveloped countries. With the help of satellite 

imagery, mineral resources exploration can be conducted in a much more efficient 

and cost-effective manner (Shirmard et al., 2022). Remote sensing from satellites 

has numerous advantages over traditional exploration methods. Satellites can 

cover a larger area in a shorter period of time, and are able to capture images in a 

variety of wavelengths, which can be used to identify different mineral deposits 

(Bhattacharya et al., 2012; Mahboob et al., 2019; Manuel et al., 2017). 

Furthermore, satellite images also provide detailed information about resources in 

remote and hard-to-reach areas. Additionally, satellite remote sensing of mineral 

resources has the potential to provide detailed information on the location and 

characteristics of mineral deposits, enabling decisions to be made about where to 

focus exploration efforts. It can also help to identify areas where mineral deposits 
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have been previously overlooked, helping to unlock valuable resources that could 

otherwise remain untapped. The majority of commercial and open-source remote 

sensing satellites are equipped with sensors for measuring the spectral reflectance 

and/or emission spectra between 400 and 12,000 nanometres (0.4 and 12 

micrometres) of the electromagnetic (EM) spectrum. This spectrum range typically 

consists of the visible, near-infrared, shortwave infrared, and thermal infrared 

regions of the electromagnetic spectrum and is particularly suitable for confident 

mineral exploration (Fu et al., 2023). Several researchers have applied the satellite 

remote sensing data for minerals exploration and associated fields for example 

Salawu et al. (2023) applied remote sensing with geophysical datasets for gold 

exploration; Frutuoso et al. (2021) also applied remote sensing for gold exploration 

using open source Landsat-8 satellite datasets. Atwizukye (2022); Fu et al. (2023); 

Pour and Hashim (2012); Zhao et al. (2021) applied satellite remote sensing data 

with several digital image processing techniques for efficient copper mineral 

exploration and mapping. Ghorbani et al. (2019) utilized remote sensing for 

regional scale prospecting of non-sulphide zinc deposits. Cardoso-Fernandes et 

al. (2019); Santos et al. (2019) applied remotely sensed satellite data for lithium 

exploration. 

There are several techniques that can be applied on remote sensing data to 

convert it into useful mineral information. Generally, these techniques can be 

categorized into two groups 1) knowledge-driven models and 2) data-driven 

models (Todorovski & Džeroski, 2006). The knowledge driven models require prior 

site information, i.e., experts’ knowledge, and only incorporate the multispectral 

data of the remotely sensed satellite images. These techniques include Spectral 

Angle Mapper (Kayet et al., 2018; Lotfi et al., 2017; Qiu et al., 2015), Principal 

Component Analysis (PCA) (Koga et al., 2018; Sadowski et al., 2015), Minimum 

Noise Fraction (MNF) (Abubakar et al., 2018; Ayoobi & Tangestani, 2017), Band 

Ratio (BR) (Ge et al., 2018; Mahboob et al., 2019; Ousmanou et al., 2023), 

Constrained Energy Minimization (CEM) (Ousmanou et al., 2023; Pour et al., 

2018a) and ISODATA technique (Li et al., 2023; Mahboob & Genc, 2019). Due to 

their lack of self-modification during the classification of image pixels, the results 

of these techniques sometimes lead to misclassification of the minerals present in 

the area both in terms of over and under estimation. On the other hand, the data-

driven models estimate the mineral deposits based on spatial associations 
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between evidential features and locations of known deposits. Usually they are 

Machine Learning Algorithms (MLA) such us Artificial Neural Networks (ANNs) 

(Franco-Sepulveda et al., 2019; Rigol-Sanchez et al., 2003), Decision Trees (DTs) 

(Cao et al., 2023; Zou et al., 2021), Regression Trees (RTs) (Kaplan et al., 2021; 

Mahboob et al., 2022), Random Forest (RF) (Mahboob et al., 2022; Mohamed 

Taha et al., 2022), Support Vector Machines (SVMs) (Tao et al., 2022) and 

Convolutional Neural Network (CNN, or ConvNet) (Li et al., 2021; Yang et al., 

2021) are powerful data driven methods that incorporate not only the satellite 

imagery spectral information but also other field-based measurements (Figure 1, 

as representing general framework of MLAs). The results of data-driven models 

are quite accurate and reliable because they are trained at each data input stage. 

1.2. Problem Statement 

Mineral exploration can be considered as a multistage search process in which 

only the last stage, drilling, is usually conclusive. At each stage, an effort is made 

to reduce the area to which the next, typically more costly, stage of search is 

applied. Most of the low income developing economy countries are rich in mineral 

resources, offering a great potential for economic development and prosperity. But 

due to poor economic situation, lack of political will, limited data availability for most 

of the region and the areas with data has less and poor quality, the mineral reserve 

estimations are not up to the mark. The other big reason is the lack of expertise in 

interpretation of the available datasets. This research aims to explore mineral 

resources by integrating limited field data with remotely collected satellite data and 

employ advanced machine learning algorithms in order to obtain a more accurate 

estimation of available mineral resources in specific mineralized areas. 

1.3. Research Objectives  

The research aims to improve mineral prospectivity mapping and modelling by 

combining an integrated data science approach with machine learning models 

based on limited field data and remotely sensed satellite data. The specific 

objectives of the research are given as following: 



5 
 
 

• Geospatial mineral resource exploration using satellite remote sensing data 

and advance machine learning algorithms (MLAs); 

• Comparative analysis of MLAs along with geostatistical modelling and 

comparison of different estimation techniques; and 

• Comparative analysis of MLAs for potential mineral prospectivity mapping 

and modelling. 

1.4. Contribution to Knowledge 

This research would contribute to enhancing the strategy of potential mineral 

exploration particularly for low income developing economy countries. The 

development of a data science framework for mineral resource exploration and 

estimation using remote sensing and machine learning can have a significant 

impact on the efficiency and cost-effectiveness of mineral resource exploration and 

estimation. Government and private organizations can more accurately map areas 

of interest, identify mineral resources, make more informed decisions regarding 

their exploitation, and improve data-driven strategies for mineral resources 

exploration by utilizing the work completed in this research.  

1.5. Structure of the Research Report 

This thesis consists of ten chapters. Chapter 1 is the introduction and it covers the 

background of the research topic, the problem statement, the justification for the 

research, and the research objectives. The research methodologies followed by 

this study and the sources of the information are introduced. The research 

validation criteria, as well as the contribution to knowledge, are discussed. 

Chapter 2 reviews the applications of machine learning-based mineral resource 

estimation techniques. The systematic literature review was performed on 

published articles related to applications of Machine Learning (ML) methods in the 

field of Mineral Resource Estimation (MRE) within a specific period of time. . The 

main purpose was to summarize the published work regarding the types of ML 

methods used in MRE, the comparisons between ML and non-ML methods, the 

performance evaluation of ML and non-ML methods, and the factors mainly 

considered in the application of ML methods. The outcome of this chapter is 

published as a peer reviewed journal article Mahboob, M. A., Celik, T., & Genc, B. 
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(2022). Review of machine learning-based Mineral Resource estimation. Journal 

of the Southern African Institute of Mining and Metallurgy, 122(11), 655-664. 

Chapter 3 is a comparative study on machine learning algorithms for geochemical 

prediction using sentinel-2 reflectance spectroscopy. In this chapter several 

Machine Learning models were constructed and compared for the prediction of 

Lead (Pb) and Zinc (Zn) concentrations associated with the potential mineralization 

and mining activities at Central Wales (in the United Kingdom) using the satellite-

based remotely- sensed spectral reflectance data. The outcome of this chapter is 

published as a peer reviewed journal article Mahboob, M. A., Celik, T., & Genc, B. 

(2021). A Comparative Study on Machine Learning Algorithms for Geochemical 

Prediction Using Sentinel-2 Reflectance Spectroscopy. Journal of Mining and 

Environment (JME) Vol, 12(4), 987-1001. 

Chapter 4 is on the predictive modelling and comparative evaluation of 

geostatistical models for geochemical exploration through stream sediments. In 

this chapter the geostatistical (IDW and Kriging) methods, which are widely used 

interpolation methods, have been selected and applied to test their efficiency in 

geochemical characterization and prediction along unsampled streams. To further 

aid the identification of mineral enriched streams and potential mineral prospects, 

a Geochemical Accumulation Index (GAI) has been developed, thereby providing 

a novel methodology. The outcome of this chapter is published as a peer reviewed 

journal article Mahboob, M. A., Celik, T., & Genc, B. (2020). Predictive modeling 

and comparative evaluation of geostatistical models for geochemical exploration 

through stream sediments. Arabian Journal of Geosciences, 13, 1-21. 

Chapter 5 is on the automatic extraction of geological lineaments in association 

with mineralization using remote sensing and geographical information system. In 

this chapter the advanced digital image processing algorithms were applied on the 

open-source remote sensing Landsat – 8 satellite datasets to map the lineaments 

at Waziristan region situated in North-West of Pakistan. The outcome of this 

chapter is published as a peer reviewed conference article Mahboob, M. A., Genc, 

B., & Atif, I. (2019, April). Automatic extraction of geological lineaments in 

association with mineralization using remote sensing and geographical information 
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system. In 2019 Proceedings of the 26th International Mining Congress and 

Exhibition of Turkey, Antalya, (pp. 285-289). 

Chapter 6 is the mapping hydrothermal minerals using remotely sensed 

reflectance spectroscopy data from Landsat. In this chapter the identification of 

hydrothermally altered rocks and associated features with hydrothermal 

mineralization in Gauteng and Mpumalanga regions of South Africa was examined 

using open-source remote sensing Landsat – 8 satellite reflectance spectroscopy. 

The outcome of this chapter is published as a peer reviewed conference article 

Mahboob, M. A., Genc, B., Celik, T., Ali, S., & Atif, I. (2019). Mapping hydrothermal 

minerals using remotely sensed reflectance spectroscopy data from Landsat. 

Journal of the Southern African Institute of Mining and Metallurgy, 119(3), 279-289. 

Chapter 7 is the evaluation of ISODATA clustering algorithm for surface gold 

mining using satellite data. In this chapter an unsupervised image classification 

algorithm ISODATA clustering was developed and evaluated on satellite remote 

sensing data for identification of gold mining areas. The outcome of this chapter is 

published as a peer reviewed conference article Mahboob, M. A., & Genc, B. 

(2019, July). Evaluation of ISODATA Clustering Algorithm for Surface Gold Mining 

Using Satellite Data. In 2019 International Conference on Electrical, 

Communication, and Computer Engineering (ICECCE) (pp. 1-6). IEEE. 

Chapter 8 is the harnessing the power of machine learning for mapping of iron 

oxide mineralization using sentinel satellite spectral imagery. In this chapter, three 

computationally intensive digital image processing techniques were evaluated for 

efficient mapping of iron oxide deposits in the Northern Cape region of South Africa 

using multispectral and multi-spatial Sentinel-2 satellite data. The outcome of this 

chapter is published as a peer reviewed conference article Mahboob, M. A., Genc, 

B., & Atif, I. (2022, August). Harnessing the Power of Machine Learning for 

Mapping of Iron Oxide Mineralization using Sentinel Satellite Spectral Imagery. In 

2022 19th International Bhurban Conference on Applied Sciences and Technology 

(IBCAST) (pp. 285-289). IEEE. 

Chapter 9 is about the predictive modelling of mineral prospectivity using satellite 

remote sensing and machine learning algorithms. In this chapter a data science 
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approach was applied to create nine predictor maps, incorporating limited field data 

and satellite remote sensing information. A confusion matrix, statistical measures, 

and a Receiver Operating Characteristic (ROC) curve were used to evaluate the 

prediction models efficacy on both the training and test datasets. The outcome of 

this chapter is submitted as a peer reviewed journal publication and is currently 

under review.. 

Chapter 10 is the highlights of the research findings and drawn conclusions. In 

addition, the chapter contains considerations for future research work. 
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2. REVIEW OF MACHINE LEARNING-BASED MINERAL 

RESOURCE ESTIMATION  

This chapter is based on the following publication 

Mahboob, M. A., Celik, T., & Genc, B. (2022). Review of machine learning-based 

Mineral Resource estimation. Journal of the Southern African Institute of Mining 

and Metallurgy, 122(11), 655-664. 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

2.1. Introduction 

Mineral Resources estimation (MRE) is one of the most important and critical 

stages in the mining value chain. The whole mining project depends on the reliable 

estimation of the grade of the mineralization. The spatial distribution of Mineral 

Resources (MR) depends on several known and unknown factors that cannot be 

incorporated in the traditional/conventional geostatistical models (Hosseini et al., 

2017; Rossi & Deutsch, 2013). The basic assumption made by most of the mineral 

grade estimation models is that a spatial relationship exists between the grades at 

any two locations and that this relationship is a function of the distance between 

the two locations. Since the 1950s, many Mineral Resource Estimation (MRE) 

models have been proposed based on statistical methods, and later by 

incorporating the spatial dimensions in the estimations, which improved the results 

significantly. However, the spatial estimation techniques are based on several 

assumptions and predict the MR values with some uncertainty levels. Many MRE 

models based on spatial statistics only incorporate the three-dimensional location 

of the measured value (X, Y, Z) along with the grade and thickness information. 

However, several other parameters like topographical variations, directions of 

geological structures, type of geology etc. are also very important for reliable MRE. 

These parameters are often neglected or not incorporated in the conventional 

statistical and spatial statistical methods. In the last 10 years, machine learning 

(ML)-based methods have become more popular in Resource estimation research. 

Several researchers (Chatterjee, Bandopadhyay, et al., 2010b; Biswajit Samanta 
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et al., 2006; Tahmasebi & Hezarkhani, 2010b; Zhang et al., 2017a) have reported 

that ML-based methods have emerged as prediction models and as major 

alternatives to geostatistics for MRE. Despite the huge number of research studies 

that used ML-based methods, inconsistent results have been reported regarding 

the accuracy of the methods, and comparison between ML and non-ML methods, 

and comparisons among several different ML-based methods. For example, in a 

comparison of ML and non-ML methods for MRE, Dutta et al. (2010) concluded 

that the ML methods produced more accurate results; however, Biswajit Samanta 

et al. (2005) showed that non-ML methods outperform the ML-based methods in 

producing reliable MREs. In a comparison among the ML-based methods, 

Tahmasebi and Hezarkhani (2010b), showed that artificial neural networks perform 

better than regression models. Chatterjee and Bandopadhyay (2011a) however, 

reported opposing results. Due to the discrepancies in the research studies which 

applied ML methods for MRE, practitioners in the fields of mining and geosciences 

may be hesitant to use ML models more practically and confidently. As opposed to 

other fields of study where the ML methods have been well tested and applied 

successfully, the applications of these methods in MRE face several challenges, 

like limited training data-sets, the uncertainty in existing data-sets and geological 

conditions, as well as the human factor. Although there is an increasing trend in 

academic research towards the applications of ML methods, most of the experts 

choose non-ML methods for MRE. To facilitate the applications of ML methods in 

the mining industry, it is very important to systematically summarize the empirical 

evidence on ML methods in current research and practice. The applications of ML 

methods are novel in the field of MRE, hence very little literature is available on the 

subject. There is no existing systematic literature review on the applications of ML 

methods in the field of mining related to MRE. In this paper, literature review was 

performed on articles published from January 1 1990 to June 30 2019, related to 

ML methods applications in the field of MRE. The main purpose is to summarize 

the published works regarding the types of ML methods used in MRE, the 

comparisons between ML and non-ML methods, the performance evaluation of ML 

and non-ML methods, and the factors mainly considered in the application of ML 

methods. 
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2.2. Methodology 

The systematic literature review methodology proposed by Kitchenham and 

Charters (2007) was used to conduct and report the review. The main steps include 

the definition of research questions, design of search strategy, selection criteria for 

studies, quality assessment, extraction of relevant data, and analysis, as given in 

Figure 2.1. 

 

Figure 2. 1 The methodology used for the systematic literature review 

(conceptualised from Wen et al. (2012)) 

2.2.1. Research questions 

Four research questions were defined based on the objective of summarizing the 

published work regarding the types of ML models used in MRE. 

1. Which ML methods/models have been used for MRE? 

The aim was to identify the ML methods/models that have been used in MRE to 

provide MRE researchers and practitioners with a range of possible methodologies 

to consider. 
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2. Does any publication on the comparison of ML against non-ML methods 

exist? 

This question is concerned with the comparison of ML with non-ML methods in 

terms of accuracy, if performed in the studies. 

3. Do ML methods outperform non-ML methods? 

The aim is to compare the accuracy of the ML methods against non-ML methods. 

4. Are there any ML methods that distinctly outperform other ML methods? 

The comparison of different ML methods in order to identify these ML methods 

which perform better than others. 

2.2.2. Search approach 

The search strategy was based on the search terms, sources of publications, and 

process of search as explained below. 

Search terms 

The following steps were applied in order to search the terms for MRE (Wen et al., 

2012): 

(a) Selection of major keywords based on the research questions 

(b) Identify possible different spellings and synonyms for major keywords 

(c) Check the major keywords given in the relevant books and papers 

(d) Usage of Boolean operator (OR) to combine the different spellings and 

synonyms 

(e) Usage of AND operator to link the major keywords. 

The following are the main keywords identified from the published work on machine 

learning models and techniques used for MRE. 
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Mineral AND (grade OR ore OR reserve OR resources) AND (estimation OR 

prediction) AND (machine learning OR artificial intelligence OR mining OR data 

mining) AND (geochemical OR exploration OR boreholes) AND (neural networks 

OR support vector machine OR support vector machine OR regression tree OR 

random forest OR Kriging OR nearest neighbour) AND (modelling OR spatial OR 

analysis). 

Although significant research has been done on the application of ML techniques 

in the oil and gas or petroleum industry, that was not considered in this literature 

review, being outside the scope of the paper. 

Publication sources 

Five reliable and widely searched electronic databases (IEEE Xplore, 

ScienceDirect, Springer Nature, Web of Science, and Google Scholar) were used 

to search the most relevant literature. All the other databases are largely covered 

by these five primary databases, and hence have also been used by many 

literature reviews studies in several fields. The main keywords developed 

previously were used to search for journal and conference papers in the five 

databases. Except for Google Scholar, the search was conducted on the title, 

abstract, and keywords. Google Scholar returned several millions of irrelevant 

records when terms were searched on full text, hence the search was limited to 

the titles of the publications. The searches were restricted to the time period from 

January 1 1990 to June 30 2019, as publications on the application of ML methods 

to MRE begin to appear in the early 1990s; for example, Wu and Zhou (1993a) 

used neural networks for reserve estimation in 1993. 

Search process 

A comprehensive search of the relevant keywords among all the databases is very 

important. Therefore, the search process was designed and divided into two 

phases to identify relevant published papers. 

(a) Phase A: Search the five databases individually and list all the papers that 

resulted from the searches. 
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(b) Phase B: The references in each resulting paper were scanned to identify 

additional relevant papers, which were added to the original. The inclusion 

and exclusion criteria set for the papers were as follows: 

Inclusion criteria 

1. ML methods used to pre-process the data 

2. Applied more than one ML method and/or combined with non- ML methods 

3. Comparative studies that compare different ML methods and/ or with non-

ML methods 

4. Studies with both conference and journal publications; only journal papers 

were selected for inclusion 

5. Studies that have multiple versions or duplications; only the most recent 

and complete study was included in the list. 

Exclusion criteria 

1. Qualitative studies without proper ML methods details and used with other than 

borehole or geochemical data. 

2. Review papers. 

2.3. Quality Control and Assessment 

The quality control process assists with the selection of the most relevant research 

papers. A series of research questions were formulated in order to assess the 

rigorousness, reliability, and relevance of the papers. The questions are given in 

Table 2.1, based on the methodology developed by Wen et al. (2012). The three 

options were assigned to each question, i.e., yes, partially, and no. These options 

were scored as 1, 0.5, and 0 respectively. The quality was assessed by summing 

the scores for answers against each question. The studies with a minimum score 

of 3.0 (50% of a perfect score) were selected for data extraction and analysis to 

ensure the quality of this literature research. 

Table 2. 1 Research Questions defined for the quality assessment of the published 

research studies 

Code Question 
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QA1 Are the aims of the research clearly defined? 

QA2 Are the estimation methods well defined and deliberate? 

QA3 Is the estimation accuracy measured and reported? 

QA4 Is the proposed estimation method compared with other methods? 

QA5 Are the findings of the study clearly stated and supported by the results? 

QA6 Are the limitations of the study analyzed thoroughly? 

 

By applying the selection criteria, 50 papers were identified. After scanning the 

references in these papers, eight additional relevant papers were found. Hence, a 

total of 58 relevant papers were initially considered. However, after applying the 

quality control criteria, only 31 papers were selected for data extraction. The quality 

assessment is discussed in detail in the following sections. The complete list of the 

31 selected papers can be found in Appendix A. 

2.4. Data Extraction and Analysis 

The selected research studies were exploited in order to collect the data that can 

answer the specific research questions of this exercise. All the reliable and relevant 

research papers were divided into specific sections, as given in Table 2.2. These 

sections were analysed combinedly to provide more meaningful information and to 

enhance the understandings. The extracted data was both quantitative (number. 

of boreholes or data-sets) and qualitative (data type, publisher, publication type). 

Different visualization techniques such as bar charts, pie charts, etc. were also 

used to enhance the data extracted from the research studies. 

The vote counting method was used in order to compare the accuracy and 

application of different ML models (Malhotra, 2015). The vote counting method 

counts the number of times a model i.e., Model A outperformed Model B, or vice 

versa. With this method, a general idea of whether an estimation ML model 

outperforms another model in the estimation of mineral grades emerged. 

Table 2. 2 Information extracted from the research studies for the analysis  
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Sr. no Extracted sections 

1 Title of paper 

2 Title of journal/conference 

3 Publisher 

4 Link 

5 Year of publication 

6 Type (journal/conference) 

7 Data-set type (borehole/image) 

10 Error assessment technique 

11 Research question 1 

12 Research question 2 

13 Research question 3 

14 Research question 4 

15 Relevant to research 

16 Publication domain 

2.5. Results and Discussion 

A total of 31 research studies that dealt with the application of ML methods in the 

field of MRE were identified. These studies were published between 1990 and 

2019 in journals and conference proceedings. Of these, 30 (approx. 97%) papers 

were published in journals, only one (approx. 3%) was published in conference 

proceedings, and none were found as book chapters. The places of publication are 

given in Appendix B. The publishers were mainly Elsevier, Springer, the IEEE, and 

Taylor & Francis. All of the research studies were experimental and none of them 

were survey research. In terms of quality control, only studies with a minimum 

quality score of 50% were selected, hence all the studies were of a high-quality 

level. 

The publication history is summarized in Figure 2.2 and it shows that the oldest 

paper found was published in the year 1993, followed by eight years wherein the 

selected publishers did not publish any paper until 2002. A significant increase in 

ML-based mineral grade estimation papers was found in 2010, with five papers 

published in that year. In both 2013 and 2017, four papers were published. 
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Figure 2. 2 Annual ML research publications from 1990 to 2019 

However, only one paper was found to be published in 2018 and 2019. These 

statistics show that limited research has been conducted on the application, testing 

and validation of ML techniques in the field of mineral grade estimation. 

Through this exercise, fourteen types of ML-based methods and techniques were 

identified that have been used for mineral resource exploration and estimation as 

listed below: 

• Support vector machine (SVM) 

• Support vector regression (SVR)  

• Artificial neural networks (ANN) 

• Adaptive neuro-fuzzy inference system (ANFIS) 

o  

• Local linear radial basis function (LLRBF) neural network 

• Simultaneous perturbation artificial bee colony algorithm (SPABC) 

• Back propagation (BP) 

• Covariance matrix adaptation evolution strategy (CMAES) 

• Particle swarm optimization (PSO) 

• Naïve Bayes classifier (NBC) 

• Radial basis function (RBF) 

• Wavelet neural network (WNN) 

• Random forest (RF) 
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• Regression kriging (RK) 

Among all these models and techniques, SVM, SVR, and ANN are the most 

commonly used and applied for MRE. Together they were found in 60% of the 

selected studies, as shown in Figure 2.3. Detailed information about which 

techniques were used in which study are given in Appendix C. 

 

Figure 2. 3 Frequency of use of ML models by the selected research studies 

On the other hand, the non-ML methods mostly used in MRE are kriging, ordinary 

kriging, and inverse distance weight (IDW). Only 41% of studies (13 papers) 

compared the results of ML with non-ML methods in terms of mineral grade 

estimation. All of these studies concluded that ML models outperformed the non- 

ML methods except S-04, which concluded that ordinary kriging performed better 

than artificial neural networks. The ML methods, which most frequently 

outperformed the other ML methods were SVM and SVR. A brief description of 

most of the common ML techniques, including SVM, SVR, and ANN, are given in 

following sections. 

The support vector machine is a supervised empirical machine-learning algorithm, 

based on statistical learning theory (Vapnik, 1999). (SVM has recently been 

introduced in the field of mining and mineralization. The SVM is usually used for 
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data classification and prediction; however, multi-class SVM can also be generated 

by combining multiple binary classifiers. It showed several unique advantages in a 

small data sample with nonlinear and multi-dimensional patterns recognition. The 

main objective of SVM is to locate a hyperplane that can separates data-points of 

one type from another. The best hyperplane is the one with the largest margin 

between two classes, and hence can separate the classes distinctively as shown 

in Figure 2.4. 

 

Figure 2. 4 Hyperplane separating the support vectors during the classification by 

SVM (MatLab, 2020) 

The maximum distance between two parallel hyperplanes results in the minimum 

classification error. SVM has been extensively used in several field of engineering, 

science, and natural languages. In the mining industry, it has recently been used 

for mineral classification (Patel et al., 2017a), mineral prospectivity (Abedi et al., 

2012), and automatic lithological classifications (Othman & Gloaguen, 2017; Yu et 

al., 2012). Support vector regression differs greatly from other regression models. 

Whereas the other linear regression models try to minimize the difference between 

the estimated and the true value, SVR tries to fit the best line within a threshold 

value. In MRE, SVR tries to categorize all the estimation lines in two forms, those 

that pass through the threshold boundary and those that don’t. The lines that do 

not pass the threshold boundary are not considered as the difference between the 

estimated grade value and the true grade value has exceeded the error threshold 

defined by  (epsilon) as shown in Figure 2.5. On the other hand, the lines that 
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pass are considered for a possible support vector to estimate the grade value at 

an unknown location. 

 

Figure 2. 5 Illustration of an SVR regression function separated by the ξ band for 

data-sets (Rosenbaum et al., 2013) 

Artificial neural networks is another strong machine-learning approach. This 

biologically inspired computational technique has wide applications in several 

science and engineering fields. A unique quality of ANNs is that they are able to 

create empirical relations between independent and dependent variables and 

extract the hidden variability and complex knowledge from training data-sets. The 

relations between independent and dependent variables can be built without 

assumptions about any mathematical depiction of the phenomena. ANN models 

have several benefits over regression-based ML methods, including their ability to 

deal with noisy data. An ANN model has thousands of interconnected artificial 

neurons made up of inputs and outputs. The input nodes receive the actual mineral 

grade values at known locations based on the internal weighting system and the 

neural network tries to learn the hidden patterns and produces the output, as 

shown in Figure 2.6. 
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Figure 2. 6 General architecture of an ANN-Artificial Neural Network  (Bre et al., 

2018) 

An ANN model compares the actual output with what it was meant to produce, i.e., 

the desired output. The difference between both is corrected using back-

propagation so the ANN works regressively, going from the final output node to the 

input nodes in order to fine-tune the weight of its connections until the variation 

between the actual grade value and estimated grade value produces the lowest 

possible error. 

The types of data used for MRE estimation, regardless of technique, can be divided 

into three general categories: 

• Exploratory boreholes 

• Images 

• Stream sediments 

Twenty-three studies used exploratory borehole data, six used images 

photographs, and only one study utilized stream sediment data for the mineral 

grade estimation. The study S-13 used 3,500 exploratory boreholes and concluded 

that ML-based SVR is the most accurate technique for mineral grade estimation 

compared to the non-ML based ordinary kriging. Similarly, research study S-08, in 

which the authors used stream sediments, also concluded that ANN, which is 

another ML method, outperformed kriging, a non-ML method, when used for 

mineral grade estimation. The studies in which images were used did not compare 

the results of ML models with non-ML models. 
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In terms of publication domains, the studies were divided into the following three 

main categories: 

• Minerals/mining 

• Computer science 

• Geoscience 

A total of seven studies were published in the field of minerals/mining, 12 in 

computer sciences, and 12 in the field of geosciences. This reveals that most of 

the publications fall into multidisciplinary applied domains. Another important 

aspect of this (Systematic Literature Review) SLR is to identify the most applicable 

statistical/geostatistical technique used for the error assessment of the predicted 

mineral grades. More than 73% of the research studies used mean square error 

(MSE) and root mean square error (RMSE) as error assessment techniques, 

followed by the standard error (SE), and mean absolute error (MAE) with a total of 

16%. The remaining 11% of the error assessment techniques include mainly 

generalization error, percentage of accuracy, co-efficient of determination, and out-

of-bag error. 

This review has found that most of the recent and advance ML methods and 

techniques such as deep convolution neural network, hierarchical convolutional 

deep maxout network, and hidden trajectory (generative) models, are seldom used 

within the field of mineral grade estimation. Therefore, researchers/ practitioners 

are encouraged to apply these techniques and test their applicability for mineral 

grade estimation. 

In addition, researchers/practitioners are also encouraged to explore the other non-

tested ML methods for mineral grade estimation. In order to become acquainted 

with the unexplored ML methods and to apply them in a more efficient way, 

researchers/practitioners should keep a close watch on the related disciplines like 

machine learning, deep learning, data science, and artificial intelligence, as these 

disciplines may provide ideas for new ML methods and techniques (Wen et al., 

2012). 
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Even though this investigation has found that the ML models are more accurate 

and perform better than the non-ML methods, the results of error assessment 

between ML and non-ML methods, and between different ML methods, are still 

inconclusive. Hence, it is strongly recommended that the scientific community 

develop a common framework for evaluating the performance of different ML 

techniques, as well as against non-ML methods. The results of the studies may 

vary because of different data-sets and/ or different experimental designs. 

2.6. Conclusion 

This systematic literature review examined ML-based MRE models in terms of the 

type of ML methods or techniques, the error estimation of applied ML methods, 

comparison between different ML and non-ML methods, as well as amongst ML 

methods. The extensive systematic literature review was based on research 

studies published in the period 1990-2019, with a total of 31 studies meeting the 

requirements of five research questions. 

The key findings of the literature review are that the significant ML methods applied 

for the MRE are, in order of application, SVR, SVM and ANN. Few studies actually 

compared the results of ML methods with non-ML methods for MRE. Those studies 

concluded that ML methods outperformed the non-ML methods in general. SVM 

and SVR are the most applied and tested ML methods, which yield much better 

results than other ML methods. Very few papers have been published in the fields 

of mineral and mining, whereas most of them were published in the computer and 

geosciences fields. 

This review provides recommendations for researchers for future work as well as 

guidelines for practitioners. More research should be conducted detailing studies 

on the application of ML methods and drawing of conclusions in terms of their 

applicability, validation, and accuracy. Researchers should also develop a 

framework in terms of data usage and accuracy assessment against non-ML 

methods used for mineral grade estimation. 

From this review, it is very clear that the application of ML methods in the industry 

for MRE are limited, and hence more studies should be conducted and analysis 
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done in order to find the possible barriers to ML method applications. It is strongly 

recommended that ML models be used in parallel with non-ML (conventional 

statistical) models in the early stages of mineral grade estimations. After the error 

assessment and quality check, the validated ML methods can then be used for 

estimation of Mineral Resources. Moreover, it is advisable to consult 

researchers/experts from the fields of machine learning and/or data science in 

order to check the strengths and weaknesses of the potential ML methods and 

interpretation of results before and after application accordingly. 
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3. A Comparative Study on Machine Learning Algorithms 

for Geochemical Prediction Using Sentinel-2 Reflectance 

Spectroscopy 

This chapter is based on the following publication 

Mahboob, M. A., Celik, T., & Genc, B. (2021). A Comparative Study on Machine 

Learning Algorithms for Geochemical Prediction Using Sentinel-2 Reflectance 

Spectroscopy. Journal of Mining and Environment (JME) Vol, 12(4), 987-1001 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

3.1. Introduction 

The identification and mapping of potential mineralization through the geochemical 

exploration of stream sediments has been successfully done over the past several 

decades (Lin et al., 2020; Yousefi et al., 2012). These geochemical observations 

at the surface of earth usually represent the diverse effects of the primary and 

secondary geological processes inside the earth (Kirkwood et al., 2016). The field-

based sampling of stream sedimentation is not only time-consuming but also 

expensive; usually the samples are only collected from the downstream areas with 

less slope and easy accessibility. However, reflectance spectroscopy of satellite-

based remote sensing data provides a unique edge over mapping of geochemically 

enriched areas using stream sedimentation not only at a larger scale but it is also 

time- and cost-effective (Choe et al., 2008; Cyples et al., 2020; Wang et al., 2020). 

In the research work conducted by Martinez et al. (2009), the MODIS satellite data 

was used in order to quantify the Amazon River sedimentation. It was concluded 

that sedimentation was assessed through satellite, and the field datasets showed 

a very good agreement with a mean difference lower than 1%. Another research 

work conducted by Abedi and Norouzi (2016) tested the ASTER and LANDSAT 

satellite datasets along with the geochemical and geological data for mineral 

exploration using the TOPSIS method. The research work concluded that the 

proposed methodology based on satellite and field data was satisfactory for 

mapping of the porphyry copper deposit. The research work conducted by Afzal et 
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al. (2015) also used the ASTER satellite data for exploration and mapping of Cu 

mineralization in Iran using the stream sedimentation data. A good correlation was 

found between the satellite reflectance data and field-based sedimentation values, 

and concluded that the satellite multispectral data could be used for mineral 

exploration using stream estimations. However, one of the key components in 

using the satellite data is the spatial auto-correlation of satellite data and the field 

measurements (Mondini, 2017), a phenomenon usually used to map the features 

in a region based on the systematic spatial similarities between the satellite 

reflectance and laboratory measurements. Usually, the spatial interpolation models 

like inverse distance weighted and kriging are used in order to predict the presence 

or absence of a geochemical value of a variable at the non-surveyed regions using 

the surveyed datasets. However, these interpolation models usually incorporate 

the estimation errors such as the smoothing effects in the prediction of 

geochemical variables (Yousefi, 2017). Besides the smoothing effects, the 

complexity, non-linearity, and spatial variability in the geochemical datasets makes 

it challenging to predict the values at unknown locations based on the known 

location datasets. 

The advancements in machine learning (ML) have made it a strong alternative 

choice to overcome the classical interpolation challenges and to develop the 

predictive models by analysing and learning from the data by incorporating the 

spatial autocorrelation. Several researchers (Ahmed et al., 2020; Dornan et al., 

2020; Tehrany et al., 2019) have applied ML as a tool for modelling the geospatial 

phenomenon by building the models capable of identifying the patterns in 

geospatial data and predicting from these models. The applications of ML in 

geochemical modelling are very limited, and there are very few publications on this 

topic. However, the ML-based predictive models are potentially powerful for 

geochemical mapping and mineral explorations (Chen & Wu, 2017; Coimbra et al., 

2014; Wang et al., 2019; Zuo & Xiong, 2018). This research work aims to construct 

and compare the ML models for prediction of the Pb and Zn concentrations 

associated with the potential mineralization and mining activities at Central Wales 

(in the United Kingdom) using the satellite-based remotely-sensed spectral 

reflectance data. 

3.2. Materials and Methods 



27 
 
 

3.2.1. Geology setting 

The studied area for this research work is in Central Wales of Great Britain (Figure 

3.1). It has a prolonged history of gold mining, with the main centre of activity being 

the "Dolgellau Gold Belt", where the Clogau and Gwynfynydd mines are very active 

gold mines, particularly towards the South, in the Welsh Basin, where gold has 

been mined since the Roman times. Besides gold, several other secondary 

products such as lead, copper, zinc, iron, and nickel sulphides are present 

throughout the Wales area. The general geology of Central Wales is consisted of 

Ordovician and Silurian marine sedimentary rocks. The rocks settled at the bottom 

of the Welsh Basin are dominated by series of sandstone, siltstone, and mudstone. 

Many of these classifications are referred to as turbidites because they were settled 

from violent, sediment-laden undersea flows, which flooded off the shallower shelf 

areas onto the deep floor of the basin (Toghill, 2011). There has been extensive 

mining of Pb and Zn as Ball and TK (1976) has reported that the area is enriched 

with these two minerals, and they are most commonly found within the interbedded 

sequences of sandstone, siltstone, and mudstone. 

 

Figure 3. 1 Geographical map of the studied area highlighting the major towns 

and locations of the collected samples (Mahboob et al., 2020) 

3.3. Machine Learning Models 
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Machine learning models have been applied, tested, and proved in several real-

world applications. The main objective of this research work is to predict Pb and 

Zn in Central Wales using satellite spectral reflectance data through following 

machine learning models and their comparative evaluation in terms of predictions. 

Regardless of the machine learning model type applied, the data was split into the 

training and testing purposes at 70% and 30%, respectively (Chen et al., 2017). 

3.3.1. Support vector regression (SVR) 

SVR was initially introduced by Drucker et al. (1997), and has been successfully 

applied for hidden pattern identifications in the data due to its strong predictive 

capability, flexibility, and robustness (Lim et al., 2002). SVR is more suitable and 

applicable to the classification problems; however, the SVR concepts can be 

generalized to become applicable to the regression problems. Several researchers 

have applied SVR for urban land cover mapping (Okujeni et al., 2013), hotspot 

detection (Pozdnoukhov & Kanevski, 2007), predication of organic carbon content 

in soils (Tan et al., 2015), landslide modelling and mapping (Miao et al., 2018), and 

in mining applications (Ding et al., 2020; Nourali & Osanloo, 2019). In the SVR 

algorithm, all the data is plotted as points in an n-dimensional space (where n is 

the total of features in the data), and then the classification is performed on the n-

dimensional space with the main objective to find the hyper-plane that can 

differentiate the two feature classes distinctively. 

For the regression problems, rather than finding a hyperplane that can mainly 

distinguish the training points, SVR uses an ε-insensitive loss function for the 

computation of the hyperplane so that the predicted response values of the training 

points have at least an ε deviation from their actual response values. The 

hyperplane along with ε will define an ε-insensitive band (decision boundary) for 

the regression. For a set of training data {(𝑥1, 𝑦1), . . . (𝑥𝑖 , 𝑦𝑖)}, where 𝑥𝑖 is the input 

data and 𝑦𝑖 is the target output, following Equation 3.1 can be considered for 

general SVR. 

𝑦 = 𝑓(𝑥) =  𝑤, 𝑥 + 𝑏 =  𝑤𝑇  𝑥 + 𝑏 Equation 3. 1 
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where w, x denotes the dot product of the input data x and the weight vector w. 

The function f can be calculated through an ε-insensitive band as flat as possible, 

which is usually mentioned as flatness in order to seek a small w. The 

approximation of f can be described as Equations 3.2 and 3.3. 

𝑚𝑖𝑛𝑤  
1

2
 ||𝑤||2 Equation 3. 2 

subject to {
𝑦𝑖− 𝑤

𝑇 𝑥𝑖−𝑏 ≤ ε

𝑤𝑇 𝑥𝑖+𝑏− 𝑦𝑖 ≤ ε
 Equation 3. 3 

For the above equation, it can be seen that SVR is to perform a linear regression 

with an ε- insensitive loss function that can be linear or quadratic, as given in 

Equations 3.4 and 3.5, respectively: 

for linear 

𝐿 (𝑦, 𝑓 (𝑥)) =  {
0           𝑖𝑓 |𝑦 − 𝑓(𝑥)|  ≤  𝜀

|𝑦 − 𝑓(𝑥)| −  𝜀           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 Equation 3. 4 

for quadratic 

𝐿 (𝑦, 𝑓 (𝑥)) =  {
0           𝑖𝑓 |𝑦 − 𝑓(𝑥)|  ≤  𝜀

(|𝑦 − 𝑓(𝑥)| −  ε)2           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 Equation 3. 5 

3.3.2. Generalized linear model (GLM) 

GLM is used to focus on the arbitrary distributions (non-normal) response of the 

linear regression models. The main aim of a GLM is not to model the dependent 

factor as a linear combination of independent factors but to model a function of 

dependent factor as a linear combination of independent factors. Many research 

studies have applied GLM for predictive modelling, e.g., Youssef et al. (2016) have 

applied different machine learning models including GLM for landslides prediction, 

concluding that GLM could be used efficiently for landslide susceptibility mapping 

with a reasonable accuracy of 76.9%. Another research work conducted by Miller 

and Franklin (2002) has applied GLM along with other classification trees for an 
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effective mapping of vegetation alliances. For a GLM model, the three main 

components are a family function f, link function k, and parameters required to train 

the model. The family function can be Gaussian, binomial, fractional-binomial, 

ordinal, quasi-binomial, multinomial, Poisson, gamma, Tweedie, and negative-

binomial. In this research work, the Tweedie family function has been applied, 

which further consist of gamma, normal, Poisson, and their combinations, also 

because it is highly recommended, if the dataset has the positive continuous and 

exact zero responses. The variation in the Tweedie function is directly proportional 

to the pth power of the mean-variance var (yi) = δεp, where δ is the distribution 

factor and p is the power of variation. The Tweedie distribution is characterized by 

the power of variation p, while δ is an unknown constant. The values of p will be 

defined as per Equation 3.6: 

𝑝 = 0: 𝑓𝑜𝑟 𝑁𝑜𝑟𝑚𝑎𝑙 𝑐𝑎𝑠𝑒 

𝑝 = 1: 𝑓𝑜𝑟 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑐𝑎𝑠𝑒 

𝑝 ∈  (1,2): 𝑓𝑜𝑟 𝐶𝑜𝑚𝑝𝑜𝑢𝑛𝑑 𝑃𝑜𝑖𝑠𝑠𝑜𝑛, 𝑛𝑜𝑛
− 𝑛𝑒𝑔𝑒𝑡𝑖𝑣𝑒 𝑤𝑖𝑡ℎ 𝑧𝑒𝑟𝑜𝑠 𝑐𝑎𝑠𝑒 

𝑝 = 2: 𝑓𝑜𝑟 Gamma 𝑐𝑎𝑠𝑒 

𝑝 = 3: 𝑓𝑜𝑟 Inverse − Gaussian 𝑐𝑎𝑠𝑒 

𝑝 > 2: 𝑓𝑜𝑟 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑒𝑎𝑙𝑠 𝑐𝑎𝑠𝑒 

Equation 3. 6 

The following maximum likelihood Equation 3.7 is used to fit the model: 

∑log(𝛼(𝑦𝑖 , 𝛿)) + 

𝑁

𝑖=1

{
 
 
 

 
 
 1

𝛿
(𝑦𝑖  log(𝜀𝑖)  −

𝜀𝑖
2−𝑝

2 − 𝑝
) , 𝑝 = 1

1

𝛿
(𝑦𝑖  

𝜀𝑖
1−𝑝

1 − 𝑝
 − log(𝜀𝑖)) , 𝑝 = 2

1

𝛿
(𝑦𝑖  

𝜀𝑖
1−𝑝

1 − 𝑝
 −

𝜀𝑖
2−𝑝

2 − 𝑝
) , 𝑝 ≠ 1,   𝑝 ≠ 2 

 Equation 3. 7 

where the function 𝛼(𝑦𝑖 , 𝛿) is assessed using an unbounded sequence increase, 

and will not have a logical explanation. However, because 𝛿 is an unknown 

constant, ∑ log(𝛼(𝑦𝑖 , 𝛿))
𝑁
𝑖=1  can be considered as a constant as well and can be 

ignored. Therefore, the final function to minimize with the penalty will be as per the 

following Equation 3.8: 
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min
ɑ,𝛼0

 𝜇 (𝛽||α||
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1−𝑝

1 − 𝑝
 −

𝜀𝑖
2−𝑝

2 − 𝑝
) , 𝑝 ≠ 1,   𝑝 ≠ 2

 Equation 3. 8 

Usually, the following function (Equation 3.9) is always used in the GLM model for 

the Tweedie function: 

𝑔 (𝜀) =  {

𝜀𝑞 =  𝜔 = 𝑋𝛼, 𝑞 ≠ 0

log(𝜀) =  𝜔 = 𝑋𝛼, 𝑞 = 0
𝑞 = 1 − 𝑝

 Equation 3. 9 

The link power 𝑞 can also be set to some other values as per the value of 𝑝. The 

resultant deviation will be as per the following Equation 3.10:  

𝐷 = 2 ×

{
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 Equation 3. 10 

3.3.3. Deep neural network (DNN) 

Multi-layer Feedforward Artificial Neural Network, also known as DNN, is used in 

deep learning, and is trained with stochastic gradient descent using back-

propagation. DNN comprises multiple levels of non-linear processes like neural 

nets with many hidden layers, as shown in Figure 3.2, and is also suitable for 

tabular datasets like the geochemical samples.  
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Figure 3. 2 General architecture of deep neural network 

A classical DNN with a single hidden layer can be mathematically stated with these 

Equations 3.11: 

𝑢𝑗 =  ∑ 𝑋𝑖𝑊𝑖𝑗 + 𝑊0𝑗

𝑁𝑖𝑚𝑝

𝑖=1

 

𝐻𝑗 = 𝑓(𝑢𝑗) 

𝑉𝑘 = ∑ 𝐿𝑗𝑚𝑗𝑘 + 𝑚0𝑘

𝑁ℎ𝑖𝑑

𝑖=1

 

𝑂𝑘 = 𝑔(𝑉𝑘) 

Equation 3. 11 

The results of the hidden layer (𝐻𝑗) will be acquired by summing the products of 

the inputs (𝑋𝑖) and the weight vectors 𝑊𝑖𝑗 in addition to a hidden layer’s bias 

term 𝑊0𝑗 , and then translating this sum using a transfer function 𝑓. The commonly 

used transfer functions are logistic and hyperbolic tangent (Hussain & Jeong, 

2015). Similarly, the outcome of the output layer 𝑂𝑘 is obtained by summing the 

products of hidden layer’s outputs 𝐿𝑗 and weight vectors 𝑚𝑗𝑘 and output layer’s 

bias term (𝑚0𝑘), and converting the sum using the transfer function 𝑓. 
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3.3.4. Decision tree (DT) 

DTs or regression trees are non-parametric techniques that can explain the 

response of a dependent variable. The algorithm maps the whole dataset by 

representing different variables as internal nodes as the inputs and the leaf nodes 

as the outputs. Usually, the decision trees do not require the data normalization 

and other data preparation requirements before its application, and can be applied 

to the data with outliers. This algorithm is also known as a white-box algorithm, 

hence the behaviour of the model along with the structure of predictions can be 

analysed through the visual and instinctive interpretation of the results. 

3.3.5. Random forest (RF) regression  

The RF regression algorithm can be the improved form of the decision tree 

algorithm, and was first introduced by Breiman in 2001 (Gislason et al., 2006). In 

RF, several small decision trees are generated from the random subsets of the 

dataset. Usually it categorizes each input vector into the random trees in order to 

build a forest and decide the output of each class based on the vote majority 

(Fawagreh et al., 2014). The final model is a voting model of all the generated 

random trees. Each random tree predicts each subset of the dataset by following 

the branches of the tree in line with the splitting rules and assessing the leaf. The 

importance of each effective factor can be estimated based on the mean decrease 

accuracy received at the end of the model. As all single predictions are taken with 

the same importance, and are based on the subsets of the dataset, the final 

prediction inclines to show a less variability than the single predictions. The 

concept of pruning can reduce the complexity of the model by replacing sub-trees 

that provide little predictive power only with leaves.  

3.4. Preparation of Input Datasets 

The dataset used in this work was obtained from the British Geological Survey 

(BGS). The stream sediment baseline geochemistry data was estimated from the 

samples collected across the central Wales region during the late 90s by BGS in 

Figure 3.1. The concentration values of the stream sediments are usually the 

representation of the parent geological material in the region and is developed over 

millions of years. Sampling was based on the collection of heavy minerals 

accumulated from the 1st and 2nd order streams. An active stream sediment was 



34 
 
 

moved through a 2 mm sieve, collected in a wooden pan (about 3-4 kg), and 

condensed by panning to about 60 g. This process was repeated using an 

additional sediment from the same site, and the two concentrates combined were 

inspected on-site for heavy minerals and collected in a Kraft bag. A total of 407 

samples were collected and analysed for Zn and Pb. The geochemical sample 

points were split into the training and the testing group with 80% (325 samples) 

and 20% (82 samples), respectively. The criterion to split the data was that the 

sample points located in the homogenous geological group and on the same 

streams should be selected and separated from the training data as the test data 

(Figure 3.3). 

 

Figure 3. 3 Splitting of geochemical sample points into train (black dots) and test 

(red dots) group (N = 407) 

Prediction of Pb and Zn in the stream sediments was made using the five machine 

learning algorithms at stream levels using the Multispectral Instrument (MSI) 

Sentinel-2 satellite data of 2015. Although there is a time difference between the 

filed sampling and the satellite data acquisition, it will take a very long for the parent 

material to be changed. The time required for developing a geological profile is 
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usually altered by the significant tectonic activities (earthquakes, tsunami, 

landslides), earth’s inner temperature, gravity, climate, and weathering. Hence, the 

time difference between the collection of samples and the satellite data acquisition 

cannot be significant compared to the geological timelines, and therefore, the 

spectral profiles of the region will merely be changed. The Sentinel-2 satellite has 

thirteen spectral bands, which range from the Visible and Near Infrared (NIR) to 

the Short-Wave Infrared (SWIR) of the electromagnetic spectrum. The spectral and 

spatial profile of Sentinal-2 satellite is given in Table 3.1. 

Table 3. 1 Data characteristics of Sentinel-2 satellite 

Band 

No 

Spectral 

band 

Central 

wavelength 

(nm)  

Bandwidth 

(nm) 

Spatial 

resolution 

Satellite 

image of 

spectral 

band of the 

studied area 

B1 
Coastal 

aerosol 
442.7 21 60 

 

B2 Blue 492.4 66 10 

 

B3 Green 559.8 36 10 
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B4 Red 664.6 31 10 

 

B5 
Red edge–

1 
704.1 15 20 

 

B6 
Red edge–

2 
740.5 15 20 

 

B7 
Red edge–

2 
782.8 20 20 

 

B8 NIR 832.8 106 10 

 

B8A 
Narrow 

NIR 
864.7 21 20 
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B9 
Water 

vapour 
945.1 20 60 

 

B10 
SWIR–

Cirrus 
1373.5 31 60 

 

B11 SWIR–1 1613.7 91 20 

 

B12 SWIR–2 2202.4 175 20 

 

Sentinel-2 has a 12-bit radiometric resolution, which means that the sensor can 

differentiate 4096 grey-levels in each spectral band. Due to its high spatial, 

spectral, and radiometric resolutions, the Sentinel-2 data is usually called the 

super-spectral satellite data. Many research works have applied, tested, and 

validated the Sentinel-2 dataset for several applications, i.e. geology (Van der 

Meer et al., 2014), hydrology and hydrogeology (Karaman et al., 2018), mining 

(Lobo et al., 2018), and mineral exploration (Mielke et al., 2014). Similarly, the 

dataset has also been successfully used for stream sedimentation mapping (Karim 

et al., 2019) and geochemical mapping (Cardoso-Fernandes et al., 2018). Usually, 

the stream sediments have a huge capacity to hold the traces of different elements 

along with their chemical compositions that can be a good indicator of related 

mineralization. The Sentinel-2 satellite data was divided into four input subsets 

(Table 3.2) based on the spatial resolution of each band; however, the topographic 
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elevation extracted from the ASTER Global Digital Elevation Model (GDEM) and 

the slope was also considered a part of each subset. The satellite image of the 

studied area was overlaid with stream sampling locations, and the value of each 

spectral band was extracted against each sample location and prepared in a 

separate database to be further used in the machine learning models. 

 

Table 3. 2 Input datasets composed of Sentinel-2 satellite and topographic 

variables 

Input subset Parameters Properties 

DS-1 B2, B3, B4, B8, elevation, 

and slope 

All the spectral bands of 

Sentinel-2 satellite with 10 m 

spatial resolution along with 

topographic elevation and slope 

DS-2 B5, B6, B7, B8A, B11, B12, 

elevation, and slope 

All the spectral bands of 

Sentinel-2 satellite with 20 m 

spatial resolution along with 

topographic elevation and slope 

DS-3 B1, B9, B10, elevation, and 

slope 

All the spectral bands of 

Sentinel-2 satellite with 60 m 

spatial resolution along with 

topographic elevation and slope 

DS-4 B1, B2, B3, B4, B5, B6, B7, 

B8, B8A, B9, B10, B11, B12, 

elevation, and slope 

All the spectral bands of 

Sentinel-2 satellite along with 

topographic elevation and slope 

All the five machine learning models were trained and validated on the input 

subsets of DS-1 to DS-4 for prediction of the Zn and Pb stream sediments, as 

shown in summary Figure 3.4. 
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Figure 3. 4 Summary of the four input sets and machine learning models used for 

predictions of Pb and Zn 

Performing the models were evaluated based on the coefficient of determination 

(R2) as per Equation 3.12, which represents the total variation in the predictions 

made by the model as given in the following equation, and its value ranges 

between 0 (poor) and 1 (perfect) (Piepho, 2019):  

𝑅2 =   1 − 
∑ (𝑦𝑖 − ŷ𝑖)

2𝑁
𝑖=1

∑ (𝑦𝑖 − ȳ𝑖)
2𝑁

𝑖=1

  Equation 3. 12 

where 𝑦 in the equation is an estimation of the average predictions, and 𝑁 is the 

number of stream sample points. 

3.5. Results and Discussion 

The results obtained on the prediction of Pb and Zn by applying various machine 

learning applications are given in this section.  

The results based on DS-1 showed that Zn was best predicted with the RF model 

with the R2 values of 0.74 and 0.7 during training and testing. However, for Pb, the 

best prediction was made by SVR with the R2 values of 0.72 and 0.64 for training 

and testing, respectively. In the Random Forest (RF) model, the weight allocated 

to the near-infrared (NIR) spectral band was determined to be the highest, while 

the weight assigned to the topographic slope was found to be the lowest. The 

research work conducted by Cozzolino and Moron (2004) also concluded that the 

Zn mineral ore could be separated from waste and other materials using the NIR 

reflectance spectroscopy. Pb also showed a good correlation with the NIR region 

along with SWIR due to its high reflectance in these two spectral bands, as also 

discussed by Hauff (2008). Using the DS-2 subset of the input dataset, Zn was 
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best predicted through the SVR model with the R2 values of 0.73 and 0.63 during 

training and testing. However, for Pb, the best prediction was made by DNN with 

the R2 values of 0.72 and 0.61 for training and testing, respectively. DS-2 has eight 

input parameters with six Sentinel-2 satellite spectral bands including the NIR edge 

and SWIR. These spectral bands are highly suitable for the mapping of Zn and Pb 

on the surface of the earth and in the outcrops regions (Chattoraj et al., 2020; 

Hauff, 2008; Hunt, 1977). The third input subset DS-3 showed that Zn and Pb both 

were best predicted through the SVR model with the R2 values of 0.61 and 0.55 

for Zn and 0.49 and 0.39 for Pb during training and testing, respectively. DS-3 has 

five input parameters with three Sentinel-2 satellite spectral bands and the R2 value 

for DS-3 was less than the first two input subsets. This might be related to the 

spectral bands of DS-3, which are usually suitable for monitoring the atmospheric 

conditions and are less suitable for the mapping of features on the surface of the 

earth (Vanhellemont, 2019). The other main reason could be the spatial resolution 

of the spectral bands, which is 60 m, and is coarser than DS-1 and DS-2. The 

fourth input subset DS-4 showed that Zn and Pb both were best predicted through 

the RF model with the R2 values of 0.74 and 0.64 for Zn and 0.73 and 0.63 for Pb 

during training and testing, respectively. DS-4 was composed on 15 parameters 

including all the spectral bands of Sentinel-2 satellite ranged from visible, NIR, and 

SWIR along with topographic elevation and slope. 

Overall, SVR and RF outperformed the other machine learning models (i.e., GLM, 

DNN, and DT) with the highest testing R2 value. Similarly, the input subset DN-1 

consisting of visible and near-infrared spectral bands along with topographic 

elevation and slope of the studied area can be considered as the most suitable for 

prediction of Zn and Pb. The second-best input subset was DS-4, which consisted 

of all the spectral bands, the topographic elevation, and the slope of the studied 

area. The R2 values of all the ML models were significant at p < 0.01, both for 

testing and training, as given in Table 3.3. 

Table 3. 3 Coefficients of determination as obtained for Zn and Pb prediction 

using machine learning models 

   SVR GLM DNN DT RF 
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DS-1 

Zn 

Training 0.71 0.52 0.73 0.67 0.74 

Testing 0.69 0.5 0.69 0.63 0.7 

Pb 

Training 0.72 0.6 0.64 0.44 0.64 

Testing 0.64 0.51 0.55 0.35 0.54 

DS-2 

Zn 

Training 0.73 0.7 0.72 0.56 0.7 

Testing 0.63 0.59 0.6 0.46 0.59 

Pb 

Training 0.7 0.7 0.72 0.52 0.71 

Testing 0.58 0.59 0.61 0.42 0.62 

DS-3 

Zn 

Training 0.61 0.59 0.6 0.41 0.57 

Testing 0.55 0.52 0.52 0.34 0.47 

Pb 

Training 0.49 0.47 0.48 0.25 0.41 

Testing 0.39 0.35 0.36 0.16 0.28 

DS-4 

Zn 

Training 0.56 0.54 0.72 0.72 0.74 

Testing 0.44 0.44 0.59 0.59 0.64 

Pb 

Training 0.6 0.6 0.62 0.52 0.73 

Testing 0.48 0.49 0.52 0.4 0.63 

The research work conducted by Perez et al. (2011) and Abbaszadeh et al. (2013) 

also concluded that SVR was better for mineral resource exploration and 

estimations, while Sheng et al. (2015) concluded that RF was better for mineral 

resource exploration and estimations. The spatial distribution of the original and 

predicted Zn and Pb stream sediment contents (Figure 3.5) shows significant 

degrees of association. 
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Figure 3. 5 Spatial distribution of original and predicted Zn (through RF) and Pb 

(through SVR) concentrations in the study area 

  

Zn Original Zn Predicted 
  

  
Pb Original Pb Predicted 
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The predicted Zn and Pb geochemical surfaces are also under the bedrock 

permeability and geological fault line map of the region as well (Figure 3.6). 

Permeability is the porosity of a rock; a higher permeability means a higher 

movement of liquid through the bed rock geology, and vice versa. 

 

Figure 3. 6 Bedrock permeability and geological fault line map of the Central 

Wales 

There are only two, i.e., low and moderate, zones of bedrock permeability present 

in the studied area, and high concentration pockets of Zn and Pb are present in 

the low zones. The research work conducted by Freedman (1972), Bouabdellah 

and Sangster (2016), and Gao et al. (2019) also concluded that the higher 

concentrations of Zn and Pb were associated with the lower permeability of the 

bedrock. The other important observation is that the predicted high concentration 

values of Zn and Pb are in a close vicinity of the geological fault lines, which also 

indicate this mineralization in the studied area. 

Although the values of the predicted stream sediment concentrations are higher 

than the original, the predicted values coincide spatially with the original dataset.. 

The higher Zn and Pb content distribution can also be related to the ongoing mining 

activities of the same elements in the studied area. However, other areas in the 
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central Wales are enriched in these elements as well, and could be the future 

exploitation zones. 

3.6. Conclusions 

Five machine learning algorithms including support vector regression, generalized 

linear model, deep neural network, decision tree, and random forest regression 

were trained and tested for prediction of the Zn and Pb stream sediments using 

the reflectance spectroscopy of Sentinel-2 satellite data along with topographic 

elevation and slope. For a better prediction and in order to check the impacts of 

different spectral channels and spatial resolution of the data, the input datasets 

were divided into four subsets, and the accuracy was measured using the 

coefficient of determination (R2). The prediction of stream sediments based on the 

DS-1 input dataset was the best with the RF for Zn and SVR for Pb as compared 

to the other models and input datasets with the measured R2 values of 0.7 (for Zn) 

and 0.64 (for Pb). This could be related to the NIR band in the dataset in 

association with the high spatial resolution of 10 m. The input dataset DS-4 could 

be concluded as the second-best for the predictions of the Zn and Pb stream 

sediments using the RF machine learning model with the R2 values of 0.64 (for Zn) 

and 0.63 (for Pb). DS-4 consisted of 15 input parameters including 13 Sentinel-2 

spectral bands, the topographic elevation, and the slope of the area. The spatial 

locations of the predicted concentration values are not only under the original 

dataset but also with the existing mines present in the studied area. The proposed 

methodology for the prediction of the concentration of the stream sediments is 

useful for the mapping of the mineral enriched zones and future mineral resource 

exploration in the studied area. However, applying this methodology to the new 

studied area requires the new training and testing of the models so that the model 

can adapt to the new data for predictions of particular stream sediments. In the 

future research works, the field-based reflectance spectroscopy, topographic factor 

(aspect, surface curvature), and hydro-meteorological factors (streams flow, 

rainfall) can be added to the machine learning models along with the hyper-spectral 

satellite-based reflectance datasets for more accurate concentration predictions of 

the stream sediments. 
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4. PREDICTIVE MODELLING AND COMPARATIVE 

EVALUATION OF GEOSTATISTICAL MODELS FOR 

GEOCHEMICAL EXPLORATION THROUGH STREAM 

SEDIMENTS 

This chapter is based on the following publication 

Mahboob, M. A., Celik, T., & Genc, B. (2020). Predictive modeling and comparative 

evaluation of geostatistical models for geochemical exploration through stream 

sediments. Arabian Journal of Geosciences, 13, 1-21 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

4.1. Introduction 

Stream sediments usually result from the erosion and transportation of soil and 

rock remnant, and other materials present upstream of the sampling locations 

within a basin (Merritt et al., 2003). Thus, stream sediments are considered to be 

representative of the geochemistry of the rocks present in the upstream drainage 

basin. Usually, stream sediments are the primary sampling source for geochemical 

exploration, primarily in areas where distinct drainage systems exist due to the 

local topography (Fletcher, 1997; Salminen & Gregorauskien, 2000; Zuluaga et al., 

2017). Geochemical exploration sampling from stream sediments is a suitable 

technique for identification of areas of interest with significant mineralization 

content, particularly in the early stages of mining for undiscovered minerals (Arndt 

et al., 2017; Carranza, 2017; Cheng, 2007, 2012; de Mulder et al., 2016; 

Khalajmasoumi et al., 2017; Nieto et al., 2014). For the best results, it is always 

preferred to get as many samples as possible to work with a dense and large 

sampling dataset. However, high-density sampling of stream sediments is 

challenging due to the cost involved in getting geographical accessibility. 

Therefore, a limited number of samples are usually collected from the field and 

after analysing in the lab are used for estimation for larger areas using 

geostatistical interpolation models (Ottesen et al., 1989).  
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Geostatistical models have been extensively used as a powerful tool for providing 

accurate estimates of any spatial/temporal phenomena at unsampled locations 

using sampled data along with a quantification of the related uncertainty (Cai et al., 

2018; Dagdelen & Vega, 1997; Goovaerts, 2000; Liu et al., 2006; Y. Liu et al., 

2018; Lu & Wong, 2008; Moral, 2010; Piel et al., 2013; Ssempiira et al., 2017). 

Several spatial interpolation methods, including geostatistics, have been 

developed in the past to better predict spatial distributions based on limited 

samples. However, the accuracy of the interpolated surface varied widely between 

models (Robinson & Metternicht, 2006). In general spatial interpolation methods 

can be divided into three main categories, i.e. with respect to the number of points 

used for prediction (Global/Local), with respect to the surface smoothness 

(Exact/Approximate), and with respect to the error estimation 

(Deterministic/Stochastic) (Li & Heap, 2014). 

The most common interpolation methods used for geospatial characterization of 

geochemical data from streams are Nearest Neighbour (NN) (Li & Heap, 2014; 

Yang et al., 2004), Triangular Irregular Network (TIN) (Li & Heap, 2014; Wu et al., 

2011; Yang et al., 2004), Inverse Distance Weighting (IDW) (Li & Heap, 2014; Lu 

& Wong, 2008), Radial Based Functions (RBF) (Ding et al., 2017) and Kriging 

(Kleinschmidt et al., 2000; Panahi et al., 2004; Wu et al., 2011). In general, Kriging 

is the most applied, tested and validated geostatistical model in the field of spatial 

interpolation. The most significant advantage of this model over several other 

spatial and statistical models is that Kriging considers the spatial correlation of the 

data for the predictions. Several types of Kriging have evolved over the time, but 

the most commonly used are Ordinary Kriging (OK), Simple Kriging (SK), Universal 

Kriging (UK), Indicator Kriging (IK) and Co-Kriging (Panahi et al., 2004). Among all 

these techniques, the predistortions are highly dependent not only on the location 

of the data but also on the accurate development of semivariogram model. But the 

development of the required semivariogram model is time taking and subjective. In 

addition to that, the transformation of the data may also be required in non-

stationary conditions and directional trends needed to be considered (Nieto & 

Toffait, 2007). Hence different geospatial characterization methods have been 

used in the past to characterize geochemical mineralization which tends to 

overextend predictions to areas not really influenced by the original stream 

mineralization condition. As it is not required that a stream sediment sample (𝑆1) 
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be collected at a particular location (𝐿1) on a stream, which represents the 

geochemical value at 𝐿1, it is quite possible that it is a representative of the 

upstream location 𝐿2 or 𝐿3 i.e., the potential source of the mineralized zone (Figure 

4.1).  

 

Figure 4. 1 3-D topographical representation of streams along with geochemical 

sampling and value locations 

Therefore, this research focuses on the development of a new approach for 

geospatial characterization based on a continuous geochemical prediction surface 

up to the extent of sampling streams. Hence geochemically spatial predictions of 

continuous streams will provide improved estimations in streams considering the 

source of the mineralization. 

Geochemical data are usually geospatial data as it can be expressed as 𝑥, 𝑦, and 

𝑧, where 𝑥 and 𝑦 are location coordinates (latitude, longitude or easting, northing), 

and 𝑧 represents the recorded value (i.e., elements concentration) at those 

coordinates. Geochemical data are usually stored in a spatial format as point data 

with location and value, hence can be processed in Geoinformatics (Zuo et al., 

2016). With the advancement in computer technology, several geographic 

information systems (GIS) based numerical codes are available with a strong 

component of Geostatistics embedded in them. Surface interpolations through 

geostatistical modelling in GIS are very powerful for estimating geochemical values 

(Johnston et al., 2012; Li & Heap, 2014). This research study has also incorporated 

a very strong GIS numerical package ESRI’s ArcGIS Geostatistical Analyst, which 

is equipped with advanced geostatistical predictive models for predictive 

L2 

S1 
L1 

L3 
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modelling. The two widely used interpolation methods, including the geostatistical 

(IDW and Kriging), were selected and applied to test their efficiency for 

geochemical characterization and prediction along the unsampled streams. Also, 

these, models have been extensively used in the past, but none of them has been 

applied and tested for the prediction of geochemical values at individual stream 

levels, which is a new proposed methodology of this research study. Furthermore, 

the Geochemical Accumulation Index (GAI) has been developed in this research 

to identify the mineral enriched streams and for identification of potential mineral 

prospects in the study area. 

4.2. Materials and Methods 

4.2.1. Study area 

The study area for this research is located in Central Wales of Great Britain (Figure 

4.2) and has a prolonged history of gold mining, with the main centre of activity 

being the "Dolgellau Gold Belt" where the Clogau and Gwynfynydd mines were 

very active gold mines. Particularly towards South, in the Welsh Basin, where gold 

has been mined since the Roman times. Besides gold, several other secondary 

products such as lead, copper, zinc, iron, nickel sulphides and others are present 

throughout the Wales area. 

 

Figure 4. 2 Study area map highlighting the location of major towns, roads and 

stream sediments sample points 
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The dataset used in this study (WF/MR/93/013) was obtained from the British 

Geological Survey (BGS) (Brown, 1993). The stream sediment baseline 

geochemistry data was estimated from samples collected across the central Wales 

region by BGS as shown in Figure 4.2. Sampling was based on the collection of 

heavy minerals accumulated from the 1st and 2nd order streams. Active stream 

sediment was moved through a 2 mm sieve, collected in a wooden pan (about 3-4 

kg) and condensed by panning to about 60 g. This process was repeated using 

additional sediment from the same site, and the two concentrates combined 

together were inspected on-site for heavy minerals and collected in a Kraft bag. A 

total of 407 samples were collected and analysed for 15 different elements, 

including titanium (Ti), manganese (Mn), iron (Fe), vanadium (V), nickel (Ni), 

copper (Cu), zinc (Zn), zirconium (Zr), tin (Sn), antimony (Sb), barium (Ba), cerium 

(Ce), lead (Pb), arsenic (As) and gold (Au). Gold was estimated on 60g of the 

sample by atomic absorption spectrometry after grinding and dissolution in aqua 

regia (a yellow-orange fuming liquid), with a lower confidence limit of detection as 

10 parts-per-billion (ppb) Au. All other elements (Ti, Mn, Fe, V, Ni, Cu, Zn, Zr, Sn, 

Sb, Ba, Ce, Pb, and As) were determined by X-ray fluorescence analysis of milled 

sub-samples in parts-per-million (ppm). The descriptive statistic of the 15 elements 

is given in Table 4.1. 
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Table 4. 1 Summary statistics of geochemical elements in the study area (N = 

407) 

Elements Min Max Mean 
Variation 

coefficient 

Skewness 

(Pearson) 

Ti 730.0 7050.0 5247.0 19.6 -2.0 

Mn 10.0 9210.0 825.3 100.3 5.9 

Fe 9400.0 76100.0 46805.7 25 -0.8 

V 0.0 360.0 102.7 36.3 0.0 

Ni 7.0 656.0 47.9 107.6 7.9 

Cu 1.0 19917.0 549.4 414.5 5.4 

Zn 33.0 17454.0 777.2 309.4 4.7 

Zr 0.0 304.0 175.6 22.4 -1.2 

Sn 0.0 260.0 10.9 243.4 5.6 

Sb 0.0 693.0 14.0 414 7.1 

Ba 62.0 2907.0 457.8 38.7 7.1 

Ce 10.0 100073.0 12516.1 133 2.4 

Pb 5.0 13397.0 1157.4 248.5 2.6 

As 0.0 80.0 12.8 67.5 3.3 
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Au 0.0 8765.0 36.3 1258.8 17.6 

From Table 4.1, it can be observed that the distributions of most geochemical 

parameters are positively skewed, and their frequency diagrams do not follow a 

normal distribution (Bai & Ng, 2005; Beedles & Simkowitz, 1978). Coefficient of 

variation (CV) values <10% and >90% indicate low and high variability respectively 

in the data (Reed et al., 2002), and in this dataset, Ti and Au have the lowest and 

the highest variability, respectively. It can be observed through summary statistics 

that the data need to be transformed to a normal distribution and as all the variables 

have variability so spatial and geostatistical modelling can be applied for further 

predictions (Komnitsas et al., 2010). Further, the correlation coefficient (Pearson 

coefficient) matrix, as shown in Figure 4.3 was developed to highlight the statistical 

relationship between geochemical variables (Facchinelli et al., 2001). The 

correlation coefficient matrix reveals that the correlation coefficient value 𝑟 ranges 

from negative 0.66 (between Ti and Pb) to positive 0.69 (between Fe and V). The 

𝑟 values are statistically significant at a 0.05 (5%) confidence level. 

 



52 
 
 

 

Figure 4. 3 The correlation matrix between different geochemical variables 

highlighting the positive and negative associations 

4.2.2. Directional distributional trend of geochemical data 

Usually, the standard deviational ellipse (SDE) is used to capture the spatial trend 

for a set of measured observations (Lefever, 1926). The SDE is based on standard 

deviations computed on spatial coordinates (𝑥, 𝑦) of the observations and has been 

applied to describe bivariate features. Most commonly, it is applied to assess the 

geographical distribution trend of the features concerned by analyzing both of their 

dispersion and direction. For a given set of 𝑛 samples ℳ = {(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖)}𝑖=1
𝑛  the 

corresponding SDE is defined by three parameters: spatial mean (or average 

spatial location) (𝑥̅, 𝑦̅), spatial dispersion (or concentration) (𝜎𝑥 , 𝜎𝑦) and orientation 

of the geochemical data 𝜃. In addition to the traditional spatial mean center (gravity 

on the distribution), weighted spatial mean or median of the data could also be 

used as other options (Wang et al., 2015). The average spatial location of the SDE 

is computed using the Equation 4.1: 
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𝑥̅ =
1

𝑛
∑

𝑛

𝑖=1

𝑥𝑖 , 𝑦̅ =
1

𝑛
∑

𝑛

𝑖=1

𝑦𝑖 Equation 4. 1 

the average spatial location is subtracted from each sample to center the observed 

samples at the origin as indicated in Equation 4.2. 

𝑥̃𝑖 = 𝑥𝑖 − 𝑥̅, 𝑦̃𝑖 = 𝑦𝑖 − 𝑦̅ 
Equation 

4. 2 

the centered samples are then used to compute the orientation of the SDE as given 

in Equation 4.3. 

𝜃 = arctan
𝐴 + √𝐴2 + 4𝐵2

2𝐵
 

Equation 
4. 3 

where 

𝐴 = (∑

𝑛

𝑖=1

𝑥̃𝑖
2 −∑

𝑛

𝑖=1

𝑦̃𝑖
2) ,     𝐵 =∑

𝑛

𝑖=1

𝑥̃𝑖𝑦̃𝑖 
Equation 

4. 4 

and finally, the spatial dispersion of the SDE is computed using the shifted and 

oriented samples based on Equation 4.5. 

𝜎𝑥 = √
1

𝑛
∑

𝑛

𝑖=1

(𝑦̃𝑖sin𝜃 + 𝑥̃𝑖cos𝜃)
2

𝜎𝑦 = √
1

𝑛
∑

𝑛

𝑖=1

(𝑦̃𝑖cos𝜃 − 𝑥̃𝑖sin𝜃)
2

 
Equation 

4. 5 

A rule-of-thumb drawn from the Rayleigh distribution recommends that a first, 

second and third standard deviational ellipse will cover approximately 63%, 98% 

and 99.99% of the features (geochemical data) in two dimensions (𝑥 and 𝑦) (Wang 

et al., 2015). In this research, the directional distributional trend of all the 15 
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elements was assessed with one standard deviation, which covers 63% of the data 

in ArcGIS software. 

4.2.3. Stream delineation using digital elevation model 

Global Digital Elevation Map (GDEM) derived from the Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) was used to extract the 

streams present in the study area. The GDEM was re-projected from Geographical 

Coordinate Systems to Projected Coordinates Systems for spatial referencing. The 

pre-processing of GDEM is always required and recommended before the 

extraction of any spatial information. Usually, a raw DEM often has a large number 

of “sinks” (or false depressions), i.e. single or multiple pixels with extreme low 

elevation and are completely enclosed by immediate higher elevation pixels 

(Jones, 2002). The sinks, if present in the DEM, then must be removed using the 

fill operation available in any raster GIS packages. In this research study, FILL 

operation of ArcHydro model of ESRI’s ArcGIS was applied as shown in Figure 

4.4. The FILL operation eliminates the sinks by either (a) raising the elevation on 

the sink cell to that of its lowest neighbor or (b) lowering the elevation of the lowest 

neighbor adjacent to the sink (Jones, 2002). 

  

Before Fill After Fill 

Figure 4. 4 The effect of FILL operation on the GDEM as on left side false 

depressions were filled after applying the operation 
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After pre-processing of the GDEM, the next step is to determine the flow direction, 

which is the ability to control the direction of water from every pixel in the raster to 

its downslope neighbor. Several algorithms can be used to determine the direction 

of flow, including the Multi-Flow Direction (MFD), D-Infinity (DINF), and D8 

(Płaczkowska et al., 2015). Among all these, the D8 (eight flow direction) method 

is the simplest and the most effective. D8 assigns the flow (in terms of coding) from 

individual pixel to one of its eight connecting cells, either adjacent or diagonal, in 

the direction with the steepest downward slope. 

Once the flow direction raster is created, the next step is to calculate areas where 

water may accumulate as a result of rainfall, known as the Flow Accumulation 

raster. Mainly, the value to each cell in the resulting raster the value of a pixel in 

the flow accumulation raster is the summation of all pixels that flow into that 

particular pixel. The objective is to simulate the flow, or possible flow, of water to 

form creeks, streams, and/or rivers. A threshold value is required to determine the 

minimum number of cells that can generate the flow, i.e. in this study a threshold 

of 150 was set, which means that a minimum of 150 cells should contribute to 

generating a flow into a cell (Wei et al., 2016). The threshold value is selected from 

a range [100, 359] according to the number of connected pixels which fall on the 

stream to generate an adequate amount of flow. After highlighting the streams in 

the area, the next step is to convert them from raster to vector by using the Streams 

to Feature tool of ArcHydro. The mineral prediction at stream level will provide 

more realistic information and help to mark the mineral enriched zones as 

compared to a classical square regional predicted surface. 

4.3. Spatial Interpolation Methods 

4.3.1. Inverse distance weighting (IDW) 

IDW is a local, exact and deterministic interpolation model, which means it predicts 

a value at unsampled locations using a subset of sampled values, and then it will 

be the same, i.e. the line pass through the points and gives no error assessment. 

Due to its simplicity and computationally non-intensiveness, several researchers, 

without having much knowledge in spatial statistics and geostatistics will use IDW 

as a default method to produce a surface when data values exist only at sampled 
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locations. This model assumes that data values that are nearby to one another are 

more similar than those that are at far distances (Wong, 2016). To calculate a value 

for any unsampled location, IDW uses the measured values close to the 

unsampled location. 

The IDW model predicts the unknown geochemical value 𝑔̂(𝑒)(𝐫𝑢) of element 𝑒 at 

location 𝐫𝑢, using the observed (or known) element values 𝑔(𝑒)(𝐫𝑖) at sampled 

locations 𝐫𝑖 as Equation 4.6: 

𝑔̂(𝐫𝑢) = ∑

𝑖,𝐫𝑖∈𝒩𝑢
𝑘

𝑤𝑖𝑔(𝐫𝑖) Equation 
4. 6 

where 𝑤𝑖 is the weight for the observed value 𝑔(𝑒)(𝐫𝑖) for geochemical element 𝑒 

and 𝒩𝑢
𝑘 is the set of 𝑘 nearest sample locations around the spatial location 𝐫𝑢. In 

other words, the predicted value 𝑔̂(𝑒)(𝐫𝑢) at 𝐫𝑢 is a weighted sum of observed 

values 𝑔(𝑒)(𝐫𝑖) with Equation 4.7. 

∑

𝑘

𝑖=1

𝑤𝑖 = 1 
Equation 

4. 7 

the weight 𝑤𝑖 is inversely proportional to the 𝛼th power of Euclidean distance 

between 𝐫𝑢 and 𝐫𝑖 and defined as Equation 4.8: 

𝑤𝑖 =
||𝐫𝑖 − 𝐫𝑢||

−𝛼

∑𝑘𝑗=1 ||𝐫𝑗 − 𝐫𝑢||
−𝛼

 
Equation 

4. 8 

where ||𝐫𝑖 − 𝐫𝑢|| is defined as Euclidean distance between 𝐫𝑢 and 𝐫𝑖. 

The 𝛼 parameter is quantified as a geometric form for the weight while other 

conditions are possible. This condition indicates that if 𝛼 is more significant than 1, 

then the distance-decay influence will be more as compared to an increase in 

distance, and vice versa. Therefore, a small 𝛼 tend to give predicted values as 

averages of 𝑔(𝑒)(𝐫𝑖) in the neighborhood, while large 𝛼 assign more weights to the 

nearest points and gradually decrease for points far away. As a result, when 𝛼 → 0  
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Lim
𝛼→0

𝑔̂(𝐫𝑢) = Lim
𝛼→0

∑

𝑘

𝑖=1

𝑤𝑖𝑔(𝐫𝑖);

= Lim
𝛼→0

∑

𝑘

𝑖=1

||𝐫𝑖 − 𝐫𝑢||
−𝛼

∑𝑘𝑗=1 ||𝐫𝑗 − 𝐫𝑢||
−𝛼
𝑔(𝐫𝑖);

= Lim
𝛼→0

∑

𝑘

𝑖=1

1

∑𝑘𝑗=1 1
𝑔(𝐫𝑖);

=
1

𝑘
∑

𝑘

𝑖=1

𝑔(𝐫𝑖),

 
Equation 

4. 9 

and 𝑤𝑖 → 1/𝑘. Then, the predicted value is the average of all sampled values. 

Similarly when 𝛼 → ∞, 𝑔̂(𝐫𝑢) = 𝑔(𝐫𝑐) where 𝐫𝑐 is the closest sample location. 

Usually, the geoscientists and mineralogists use the power 𝛼 = 2, which is known 

as the inverse distance squared weighted model. In this research, three different 

IDW power values 𝛼 = 1, 𝛼 = 2 and 𝛼 = 3 had been tested to generate the 

geochemical prediction surfaces. Even though there is no theoretical reasoning in 

the selection of a particular value over others, and the influence of changing power 

should be examined by visualizing the output and observing the validation 

statistics. The measured values near to the unsampled location have more impact 

on the predicted value than those farther apart. IDW considers that each sampled 

point has a local impact that reduces with distance. So this model uses weights 

assigned to the sample values as it gives more weights to points nearby to the 

unsampled location, and the weights reduce as a function of distance; therefore, 

the name inverse distance weighting. 

4.3.2. Kriging 

Kriging predicts the structure of spatial variability through a variogram and 

incorporates the spatial autocorrelation (Hattis et al., 2012). The Kriging prediction 

is modeled as the summation of a global trend 𝜆 (which is the general trend in the 

entire data) and a local stochastic variation 𝜀 as given in Equation 4.10 (Matheron, 

1963): 
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𝑔̂(𝐫𝑖) = 𝜆(𝐫𝑖) + 𝜀(𝐫𝑖) 
Equation 

4. 10 

where 𝐫𝑖 represents the spatial coordinates. Depending on the global trend 𝜆, 

several types of Kriging models have been established. For example, Simple 

Kriging (SK) assumes 𝜆 = 0; Ordinary Kriging (OK) assumes 𝜆 as an unknown 

constant mean; and Universal Kriging (UK) assumes 𝜆 as a general polynomial 

trend given as 𝑧 = 𝑎𝑥 + 𝑏𝑦 + 𝑐, where  𝑥,  𝑦 are the variables for the latitude and 

longitude respectively, and 𝑧 can be statistically analyzed from the past data. In 

this research study OK is used because it provides more realistic and reliable 

predictions based on mean squared errors; it is an unbiased predictor for sparsely 

sampled regions (Cressie, 1993); and it minimize the influence of spatial outliers 

(Triantafilis et al., 2001), if present in the data. The OK method predicts the 𝑔̂(𝐫𝑢) 

at 𝐫𝑢 using the weighted sum of the data as given Equation 4.11: 

𝑔̂(𝐫𝑢) = ∑

𝑖,𝐫𝑖∈𝒩𝑢
𝑘

𝑤𝑖𝐠𝑖(𝐫𝑖) Equation 
4. 11 

The choice of weight in Equation 4.11 should be made in such a way, that 𝑤𝑖 yields 

the lowest mean square estimation error (Cressie, 1993). Besides this the selection 

of 𝑤𝑖 also depends on the type of semivariogram model as suggested by Deutsch 

and Journel (1992). The experimental semivariogram 𝛾̂(𝑟) can be defined as the 

average square difference of the geochemical data values between the samples, 

parted by the lag vector 𝑟. If there are no explicit directional dependencies present 

among the data values, then Matheron method-of-moments estimator can be used 

to develop unidirectional experimental semivariogram as mentioned in Equation 

4.12. 

𝛾̂(𝑟) =
1

2𝑘(𝑟)
∑

𝑘(𝑟)

𝑖=1

{[𝑔(𝐫𝑖) − 𝑔(𝐫𝑖 + 𝑟)]
2} 

Equation 
4. 12 

where 𝑘(𝑟) is the number of sample pairs at lag distance 𝑟, (Deutsch & Journel, 

1992) after which 𝛾̂(𝑟) is then fitted to the model function 𝛾𝑔(𝑟). The weights 𝑤𝑖 for 
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ordinary kriging can be given by the (𝑘 + 1) × (𝑘 + 1) linear systems of Equations 

4.13 and 4.14. 

∑

𝑖,𝐫𝑖∈𝒩𝑢
𝑘

𝑤𝑖𝛾𝑔(𝐫𝑖 , 𝐫𝑗) + 𝜇 = 𝛾𝑔(𝐫𝑗 , 𝐫𝑢),    𝑗 = 1,… , 𝑘 Equation 
4. 13 

∑

𝑖,𝐫𝑖∈𝒩𝑢
𝑘

𝑤𝑖 = 1 Equation 
4. 14 

where 𝑘 is the number of geochemical samples within the proximity of 𝑔̂(𝐫𝑢); 

𝛾𝑔(𝐫𝑖 , 𝐫𝑗) is the semivariogram between two geochemical samples 𝐫𝑖 and 𝐫𝑗; 

𝛾𝑔(𝐫𝑗 , 𝐫𝑢) is the semivariogram between 𝐫𝑗 and predicted 𝐫𝑢; and 𝜇 is a linear 

external parameter called the Lagrange factor. The variance of OK prediction is 

given by Equation 4.15 whereas the Lagrange factor compensates the uncertainty 

related to the mean value. 

𝜎E
2𝑔̂(𝐫𝑢) = ∑

𝑖,𝐫𝑖∈𝒩𝑢
𝑘

𝑤𝑖𝛾𝑔(𝐫𝑖 , 𝐫𝑢) + 𝜇 Equation 
4. 15 

4.3.3. Semivariogram estimation 

In literature, there are several types of semivariogram models (Olea, 2006; 

Varouchakis & Hristopulos, 2013), but the most commonly used are Gaussian and 

Circular, and these are also tested in this study along with Exponential and 

Spherical. The general Equations for all these semivariogram models are given as 

follows from 4.16 to 4.20: 

𝛾𝑔(𝐫) = 𝜎𝑔
2  [1 − exp (−

|𝐫|

𝜉
)] 

Equation 
4. 16 

𝛾𝑔(𝐫) = 𝜎𝑔
2  [1 − exp (−

|𝐫|2

𝜉2
)] 

Equation 
4. 17 

𝛾𝑔(𝐫) = 𝜎𝑔
2 [1.5  |𝐫|/𝜉 − 0.5 (|𝐫|/𝜉)3] 𝜃(𝜉 − |𝐫|) Equation 

4. 18 

where  
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𝜃(𝜉 − |𝐫|) = {
0 if𝜉 − |𝐫| < 0;

1 if𝜉 − |𝐫| ≥ 0,
 

Equation 
4. 19 

and  

𝛾𝑔(𝐫) = 𝜎𝑔
2  {1 −

2

𝜋
cos−1 (

𝐫

𝜉
) +

2𝑟

𝜋
√1 −

𝐫

𝜉2
} 

Equation 
4. 20 

in the above Equations 𝜎𝑔
2 is the variance; |𝑟| is the Euclidean norm of the lag 

vector 𝑟, and 𝜉 is the characteristics length. After the development of 

semivariogram models, the most appropriate one is selected by comparing the root 

mean square prediction error statistics between the observed and predicted 

geochemical values. Depending on the semivariogram model, the prediction error 

at location 𝑆0 can be computed in terms of the standard deviation as Equation 4.21:  

𝐸(𝐫𝑢) =∑

𝑘

𝑖=1

𝑤𝑖𝛾  (||𝐫𝑖 − 𝐫𝑢||) 
Equation 

4. 21 

where ||𝐫𝑖 − 𝐫𝑢|| is the distance among the locations 𝐫𝑖 and 𝐫𝑢. 

4.3.4. Sample size requirements for variogram computation 

As per recommended in the literature, a minimum of 100 to 150 data points are 

required to achieve a steady variogram (Voltz & Webster, 1990). This requirement 

is fulfilled in this research, with 407 geochemical points available for each element. 

Because the number of sample points was more than the minimum number 

recomeded in literature, anisotropy (directional trend) can also be determined if 

present in the data. The ArcGIS Geostatistical Analyst can compute the optimum 

parameters, such as Major Axis (Range), Minor Axis (Range), and Angle of 

Rotation (Direction) to constitute the anisotropic effect. 

4.4. Potential Mineral Prospects 
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The potential mineral prospectivity was done by developing the Geochemical 

Accumulation Index (GAI) using the multivariate overlay analysis to map the high, 

medium and low mineral enriched streams. Multivariate overlay analysis has been 

used by several research studies (Correia & Waitzberg, 2003; Hou et al., 2017) to 

classify the regions in different classes of underlying physical phenomenon. All the 

predicted surfaces of both IDW and Kriging were classified into three main classes 

based on Jenks Natural Breaks (JNB) algorithm (Khamis et al., 2018). With JNB, 

classes were made for each geochemical predicted map based on features 

similarity and relatively significant data value differences in classes. The 

standardized classes were combined through linear combination by adding them 

together to obtain the final high, medium and low mineralized streams. 

4.5. Results and Discussion 

The directional distributions (standard deviational ellipse) were used to map the 

geographical trend of different geochemical elements, as shown in Figure 4.5. The 

ellipses were developed using the first standard deviation (almost 63% of the data) 

as it is recommended by several research studies (Kent & Leitner, 2007; Seidl et 

al., 2015) to avoid the effects of any potential spatial outlier if present in the data. 
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Figure 4. 5 Directional distribution through standard deviational ellipses of all the 

geochemical elements (N = 407) 

In general, all the elements are distributed North to South except the gold, which 

showed the directional trend in North-East to South-West. For a detailed analysis, 

these 15 geochmeical elements were grouped in five different classes of direction 

and geographical concentration, as shown in  Figure 4.5. 

The results showed that nine geochemical elements (As, Ba, Ce, Fe, Mn, Ni, Ti, V, 

Zr) have North to South distribution whereas Mn and As are concentrated more 

towards the North and South respectively. The main regions of As mineralization 

may be due to metasedimentary rocks and form post-orogenic granites in the 
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South-East area of the study. Cohen et al. (1999) also found similar results in 

Wales and associated the variability of As with the geological rocks located within 

the area. The three elements Pb, Sb and Zn can be grouped because of the same 

directional trend, i.e. North-West to South-East with Zn as a bigger ellipse as it has 

more variability. Sn also has North-South concentration but the largest deviational 

ellipse, which means it has the highest variability and 63% of the values distributed 

all over the study area. Cu has the most concentrated values, i.e. smaller standard 

deviational ellipse and is mainly distributed North-South but at West of the study 

area. Gold has an altogether different distribution, which is North-East to South-

West, but 63 percent of the data values are geographically concentrated in the 

lower part of the study area. 

4.5.1. Stream delineation 

Stream delineation was performed from the ASTER global digital elevation model 

with 30m spatial resolution using the D8- algorithm. The flow direction raster shows 

that the majority of the flow in the basin was from North and North-East to South-

West and West, which may be due to the presence of the Irish Sea on the West of 

Wales. The flow accumulation raster shows the major flow lines (streams) in the 

area based on the directional raster. Finally, the streams were extracted using that 

flow accumulation raster with a threshold value of 150, as discussed in the 

methodology section of this paper. 

Figure 4.6 showed that all the sample locations were correctly overlaid on the 

streams, which can be taken as the verification of the accuracy of extracted 

streams and the used threshold value. These streams were further converted into 

a vector data format, and a buffer of 100m was applied to them, to be further used 

in the prediction models, as shown in Figure 4.7. 
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Figure 4. 6 Extracted streams (solid blue lines) from the digital elevation model 

and overlaid on the sample locations (solid green dots) 

 

Figure 4. 7 The extracted streams in the study area 
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4.5.2. Criteria for comparison 

The geochemical sample points were split into two groups named as the training 

and the test group with 70% and 30% of the points respectively. The criterion to 

split data was that the sample points located in the homogenous geological group 

and on the same streams were selected and separated from the training data as 

test data. 

Out of the total 407 geochemical sample points, 285 were used to train the model, 

and the remaining 122 points were used to test the accuracy of the predicted 

surfaces. The root means square prediction error (RMSPE) statistics were used to 

assess the difference between predicted and the actual geochemical values 

(Robinson & Metternicht, 2006). The formula for RMSPE is given as the following 

Equation 4.22: 

RMSPE =   √
1

𝑁
∑

𝑁

𝑖=1

{𝑍(𝑥𝑖) −  𝑍̂(𝑥𝑖)}
2
 

Equation 
4. 22 

where 𝑍̂(𝑥𝑖)  is the predicted geochemical value, 𝑍(𝑥𝑖)  is the geochemical 

observed (known) value, N is the total number of samples. Ideally, the value of 

RMSPE should be zero if there is no error in prediction; however, a low RMSPE 

suggest less error in the predicted surface and vice-versa. 

4.5.3. Spatial interpolation and interpretation 

The predicted/interpolated geochemical surfaces developed by IDW were 

controlled and changed by varying the two IDW parameters, i.e. the power function 

and the number of sample points used in the prediction. Starting with the lower 

power (𝛼) as 1 to a higher power of 3 were tested, whereas the number of the 

nearest sample points were varied from 5 to 15 with increments of 5 at each step. 

The other parameters, like sector type, which is the directional search for the 

inclusion of several points were kept fixed, i.e. four sectors with a 45° offset, angle 

0 and auto calculation of semi-major and minor axis. 
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For an initial prediction, the model was set with low power (𝛼) as 1 and a maximum 

of 5 neighbor points were selected. The number of neighbor points was increased 

up to a maximum of 15 with the same power. The same procedure was repeated 

for power 2 and 3. The results showed that a single power factor and number of 

neighbors could not be used for all the geochemical variables, all the three power 

value and a different number of neighbors produced best geochemical prediction 

surfaces for different elements. The lowest root mean square prediction error 

(RMSPE) statistics (Table 4.2) were used to select the most appropriate 

combination model parameters for the geochemical elements. To discuss the 

effects of power and the number of neighbors Sn is taken as a case study, the 

prediction surfaces with all the variation of powers and neighbours are shown in  

Figure 4.8. The comparison of Sn predicted surface, as shown in  Figure 4.8, 

revealed that areas with a low (near to zero) concentration remain almost the same 

in all the model types, but the area of medium and high concentration varies with 

different models. The change is quite significant at the edges and in the middle, 

particularly the southern part of the map. The maps of all the predicted streams 

geochemical properties through the IDW models based on the lowest RMSPE are 

given in  Figure 4.9. 

The results of geochemical properties of stream sediments showed that Au was 

present in the lower streams of the study area towards the South and South-West 

whereas no or very low gold concentration was found in the Northern part of the 

study area. There were only traces of Gold present in the study area, and distinct 

anomalies in the area could be associated with the alluvium dominated (containing 

several significant placer deposits) or metasedimentary rocks (Cohen et al., 1999). 

As, Fe, Ti, V and Zr had variable concentration and could be found throughout the 

streams present in the study area. The highest and above-average concentration 

of Ba was observed in the Eastern and Western streams to the North, respectively.
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Table 4. 2 RMSPE of all the geochemical elements against different IDW models (Green highlights the combination of power and 

neighbouring points with the lowest RMSPE values for each element) 

 

IDW-P-1 

(5/5) 

IDW-P-1 

(10/5) 

IDW-P-1 

(15/5) 

IDW-P-2 

(5/5) 

IDW-P-2 

(10/5) 

IDW-P-2 

(15/5) 

IDW-P-

3 (5/5) 

IDW-P-

3 (10/5) 

IDW-P-

3 (15/5) 

Ti  935.306 930.288 928.567 982.25 970.99 966.118 1030.16 1022.93 1020.6 

Mn  579.784 599.78 615.654 551.378 550.218 549.433 551.375 549.231 547.605 

Fe  10176.4 10103.139 10131.154 10801.5 10658.5 10602.4 11411.1 11327.8 11301.3 

V  34.497 34.064 34.213 36.225 35.652 35.54 38.311 37.98 37.918 

Ni  41.582 42.233 42.779 38.871 38.621 38.51 38.632 38.43 38.328 
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Cu  1624.36 1650.882 1669.518 1698.91 1683.29 1674.35 1799.99 1795.61 1793.09 

Zn  2047.331 2063.756 2079.226 2130.86 2113.68 2105.43 2278.01 2269.98 2266.43 

Zr  32.354 32.309 32.658 34.193 33.917 33.838 35.523 35.394 35.349 

Sn  26.992 26.824 26.695 28.873 28.634 28.453 29.796 29.704 29.643 

Sb  46.614 46.112 46.034 45.513 45.329 45.508 48.993 48.634 48.566 

Ba  186.463 182.52 181.299 201.156 198.719 197.45 213.379 212.64 212.31 

Ce  14657.94 14734.557 14827.495 15512.6 15383.3 15353.4 16499.4 16410.6 16394.1 

Pb  2305.09 2322.459 2348.981 2324.85 2318.12 2320.98 2387.3 2381.34 2380.93 
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As  7.599 7.616 7.654 7.681 7.669 7.677 7.88 7.867 7.865 

Au  525.482 513.607 509.136 585.032 580.134 578.308 619.582 618.648 618.407 
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IDW-P-1 (5/5) IDW-P-1 (10/5) IDW-P-1 (15/5) 

   

IDW-P-2 (5/5) IDW-P-2 (10/5) IDW-P-2 (15/5) 

   

IDW-P-3 (5/5) IDW-P-3 (10/5) IDW-P-3 (15/5) 

 

Figure 4. 8 Prediction maps of Tin (Sn) for different power and neighboring 

sample points using the IDW model 
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Ce Cu Fe 

   

Mn Ni Pb 
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Sb Sn Ti 

   

V Zn Zr 

 

Figure 4. 9 Predicted stream surfaces of all the geochemical elements based on 

the lowest RMSPE of IDW model 

The high concentrations of Cu were mainly in the middle streams towards the North 

of the study area, whereas average values were found in the middle. Ce was 

significant in the lower streams of the study area towards the South with a little 

higher amount in the North-West region of the study area. Mn showed less 

variability and is mainly concentrated in the upper streams more towards the North. 

Ni and Pb were found in high concentration near the Eastern streams of the study 

area. Sb followed the same trend of concentration as Ni and Pb but in more 

streams. Sn was mainly dominated in the lower streams towards the South with 

medium and a few high quantities in the North-West and North-East of the study 

Legend Very Low Low Average High Very High
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area. The highest concentration of Zn was observed in the North-Eastern and 

middle streams with average values in the lower streams of the study area. 

For Kriging, interpolation is the first and the most important thing to develop an 

empirical semivariogram model and then fitting that model as structural analysis in 

Kriging; this process is usually known as variography. The four most commonly 

applied theoretical semivariogram models circular, spherical, exponential and 

gaussian were tested against the streams sediments geochemical data. It was tried 

to make the semivariogram models fit the average of the binned data; also the 

directional variations were incorporated for micro-tuning of the models. 

The selection of the most appropriate semivariogram model for a particular 

geochemical element was made based on the lowest yielded RMSPE by each 

model. The semivariogram of all the models, along with their RMSPE, is given in 

Figure 4.10. 

The analysis showed that out of the 15 streams sediments geochemical elements, 

only two can be better predicted with the circular semivariogram model, which is V 

and Ba. The spherical semivariogram model can be used for Mn, Ni, Cu, Zr, Sn, 

Ce, As and Au, whereas the exponential semivariogram model is suited best for 

Ti, Fe, Sb, and Pb. Only one geochemical element Zn can be best predicted by the 

gaussian semivariogram model. To discuss the effects of the semivariogram model 

on stream sediments, Sn was taken as a case study, the prediction surfaces with 

all the circular, spherical, exponential and gaussian semivariogram models are 

shown in Figure 4.11.
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 Circular Spherical Exponential Gaussian 

Ti 

    

910.090 908.099 906.227 908.121 

Mn 

    

530.237 525.452 535.214 529.565 

Fe 
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10123.668 10100.240 10098.145 10107.177 

V 

    

33.372 33.960 34.549 33.749 

Ni 

    

38.319 35.302 36.709 35.930 
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Cu 

    

1641.324 1605.028 1614.670 1620.419 

Zn 

    

2035.104 2030.435 2033.545 2028.555 

Zr 
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32.259 31.704 31.985 32.444 

Sn 

    

26.346 25.286 28.331 27.197 

Sb 

    

49.526 45.621 43.955 46.515 
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Ba 

    

178.687 182.180 179.187 183.357 

Ce 

    

14679.096 14632.843 14671.989 14778.979 

Pb 
    

2308.287 2311.019 2304.180 2316.875 
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As 
    

7.714 7.474 7.922 8.013 

Au 
    

521.306 507.338 514.021 510.830 

Figure 4. 10 Semivariogram models of all the geochemical elements along with different RMSPE 
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Circular Spherical 

  

Exponential Gaussian 

 

Figure 4. 11 Prediction maps of Tin (Sn) for different semivariogram models used 

in Kriging interpolation 

The comparison of Sn predicted surface through four semivariogram models, as 

given in Figure 4.11 showed that the spherical model is more accurate than the 
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others as it produced more continues geochemical values in streams. The same is 

supported by the semivariogram model of Sn, as mentioned in the Figure 4.10. 

The circular model also showed some continuity but is not as accurate as of the 

spherical. This continuity might be due to the circular semivariogram model, which 

shows a little variation in the start and then levels off. The exponential 

semivariogram model of Sn suggested abrupt changes in the geochemical values 

and the same is highlighted in the predicted surface. The gaussian model showed 

some variability but is unable to depict appropriately because most of the 

geochemical sample points were not fitted through the model. The change is quite 

significant at the edges in the North and the middle, particularly the Southern part 

of the map. The maps of all the predicted streams geochemical properties through 

the Kriging model based on the lowest RMSPE of the best-fitted semivariogram 

model is given in Figure 4.12. The trend of prediction surfaces by Kriging is in line 

with the IDW results but significantly more realistic and continues. 

   

Au As Ba 
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Ce Cu Fe 

   

Mn Ni Pb 

   

Sb Sn Ti 

   

V Zn Zr 

 Legend Very Low Low Average High Very High
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Figure 4. 12 Predicted stream surfaces of all the geochemical elements based on 

the lowest RMSPE of semivariogram models using Kriging 

4.5.4. Potential Mineral Prospects 

The multivariate overlay analysis for both IDW and Krigigng predicted surfaces 

were carried out in order to develop the Geochemical Accumulation Index (GAI)  of 

the study area, as shown in Figure 4.13. 

  

Figure 4. 13 Mineral enriched streams extracted through Geochemical 

Accumulation Index (GAI) 

The higher values of GAI in a stream represents the higher chances of 

mineralization at the origin and surrounding regions and vice versa. The results 

showed that most of the mineral enriched streams were found in the North-West, 

North-East and Southern parts of the study area. By tracing these mineral enriched 

streams, the potential mineral prospects can also be mapped accordingly and with 

less time and cost. The potential mineral prospects, as identified in this research 

area, were also confirmed with the existing mining activities in the regions, as 



84 
 
 

shown in Figure 4.14. This showed that the methodology adopted in this research 

study could successfully be applied to identify the potential mineral prospects in a 

region using stream sedimentation. 

 

Figure 4. 14 Existing mining activities overlaid on the GAI based mineral enriched 

streams 

4.5.5. Comparison of prediction models 

In order to choose the best prediction surfaces, the root means square prediction 

error (RMSPE) of each geochemical element for both IDW and Kriging models 

were compared (Table 4.3). 

Table 4. 3 Semivariogram models of all the geochemical elements along with 

different RMSPE 

Geochemical Element IDW Kriging Difference 
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As  7.599 7.474 0.125 

Au  509.136 507.338 1.798 

Ba  181.299 178.687 2.612 

Ce  14657.941 14632.843 25.098 

Cu  1624.36 1605.028 19.332 

Fe  10103.139 10098.145 4.994 

Mn  547.605 525.452 22.153 

Ni  38.328 35.302 3.026 

Pb  2305.09 2304.18 0.91 

Sb  45.329 43.955 1.374 

Sn  26.695 25.286 1.409 

Ti  928.567 906.227 22.34 

V  34.064 33.372 0.692 

Zn  2047.331 2028.555 18.776 

Zr  32.309 31.704 0.605 

The highest and the lowest difference between IDW and Kriging model were found 

among Ce and As respectively. For Ce and As, the IDW model with power as 1 

and number of nearest sample points as 5 gives the better prediction surface with 

the lowest RMSPE whereas as per Kriging, the spherical model generates the 
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lowest RMSPE which is also lower than the IDW model. Overall, the Kriging model 

yields a low RMSPE because it incorporates the spatial correlation 

(autocorrelation) of the sampled streams geochemical values along with their 

locations. Several researchers also concluded that the Kriging model is better for 

spatial predictions than the IDW model. For example, Shahbeik et al. (2014) 

applied IDW and Kriging for mineral ore prediction, and it was concluded that the 

Kriging performs much better, and the results were reliable. Similarly, another 

study conducted by Mueller et al. (2004) showed that Kriging is more efficient in 

the prediction of soil fertility than IDW. Also, Goovaerts (2000) stated that Kriging 

yields more accurate rainfall predictions with the lowest root mean square error. 

4.6. Conclusion 

This study has shown a novel approach for prediction of geochemical properties of 

stream sediments using Geostatistical interpolation models, including IDW and 

Kriging. Instead of generating over-extended predicted surface models that most 

likely are outside the mineralization range from the stream samples, the new 

proposed geospatial characterizations were modelled strictly based on the geo-

profile of each stream using digital elevation 3D models. The predicted 

geochemical value distribution at each stream showed an overall improved spatial 

characterization that can be used to accurately trace back the key minerals within 

each of the streams. The study showed that the two spatial prediction models used, 

IDW and Kriging methods should be used under a combinatory approach in order 

to predict the spatial distribution of geochemical elements better. Overall, spatial 

realizations using IDW with a low power function tended to produce more accurate 

results probably due to the relatively high variability among the geochemical 

sample data (Robinson & Metternicht, 2006) (Kravchenko & Bullock, 1999). The 

Kriging method also showed accurate results as well, specifically when using the 

spherical semivariogram model and then exponential models. The mineral 

prospectivity map based on the Geochemical Accumulation Index (GAI) showed 

that most of the mineral enriched streams were located in the North-West, North-

East and Southern parts of Central Wales, the same was also confirmed with the 

existing mining activities in the region. 
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The statistics ‘root mean square prediction error’ (RMSPE) was used as the 

primary indicator to assess the estimation accuracy of both methods. The resulting 

models with the lower RMSPE values were considered for further analysis. One of 

the critical conclusions resulting from this study is that IDW and Kriging results 

should not be considered independently; instead, a combinatory model should be 

produced in the prediction of the geochemical elements for stream sediments. 

Further research should investigate if other geo-environmental factors such as 

proximity to the sea, structural geology, geophysical conditions, and terrain slope 

angle, can be incorporated into the characterization model. 
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5. AUTOMATIC EXTRACTION OF GEOLOGICAL 

LINEAMENTS IN ASSOCIATION WITH MINERALIZATION 

USING REMOTE SENSING AND GEOGRAPHICAL 

INFORMATION SYSTEM 

This chapter is based on the following publication 

Mahboob, M. A., Genc, B., & Atif, I. (2019, April). Automatic extraction of geological 

lineaments in association with mineralization using remote sensing and 

geographical information system. In 2019 Proceedings of the 26th International 

Mining Congress and Exhibition of Turkey, Antalya, (pp. 285-289). 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

5.1. Introduction 

In remotely sensed satellite images, generally, the lineaments are the linear or 

somewhat-curved structures that can appear as brighter or darker features than 

the surroundings. These lineaments are usually natural geological faults, fractures, 

joint zones, huge crustal fractures, geomorphological features, fold limbs as well 

as deep and buried faults (Vassilas et al., 2002). Identification and extraction of 

these lineaments are of great importance to get the geological information of any 

region particularly for mining and petroleum exploration (Marghany & Hashim, 

2010; A. B. Pour & M. J. O. G. R. Hashim, 2015) . The more and forever increasing 

demand of several minerals is forcing the mineral industry to update and renew the 

exploration in the existing production areas, as well as to explore new, remotely 

and un-surveyed areas of the earth (Alvarez-Berríos & Aide, 2015; Hörfarter et al., 

2019; O'leary et al., 1976). But, due to time and cost constraints, there is a dire 

need to develop new fast, robust and reliable exploration techniques to survey 

relatively large areas of earth usually hundreds of thousands of square kilometres 

at low cost and more confidence (Pour et al., 2017). In recent era of mineral 

exploration, a specific and strong relationship between the known mineral deposits 

and different geological lineaments, such as faults, fractures etc. has been 
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developed and used several mineral exploration companies, especially for the 

regions where geology is known but data of mineralogical deposits is lacking (Govil 

et al., 2018). The lineaments data are usually used as the first-hand information 

and indirect indicator of mining potential of an area (Meshkani et al., 2013; Pour et 

al., 2018b; Solano-Acosta et al., 2007). Hence, in-depth research on lineament 

extraction is of great theoretical importance and practical implication. 

The old classical methods of lineaments mapping are based on visual 

interpretations or semi-automatic approaches, but they are compromised on 

accuracy as well as time-consuming (Masoud & Koike, 2006). Recently, advances 

in the remote sensing processes and computer vision i.e., digital image processing, 

the extraction and characterization of lineaments from the earth surface through 

automatic extraction models are quite accurate and time-saving (Farahbakhsh et 

al., 2018; Yeomans et al., 2019). There are several algorithms developed by 

different researchers like Segment Tracing Algorithm (STA) (Koike et al., 1995), 

the Hough Transform (HT) (Kröger et al., 2016), hydrological analysis and 

automatic Lineament Extraction (LINE) model (Salui, 2018) etc. Usually the 

principal of most methods is the detection of edges based on various spatial filters. 

However, due to the presence of noise, cloud, the height of the satellite, 

illumination conditions, and others, some satellite images may give a “pseudo 

edges”. These falsely detected lineaments should be removed in accuracy 

assessment methods. In this research freely available Landsat – 8 satellite 

datasets were used to map the lineaments at Waziristan region situated in North-

West of Pakistan. While previous research studies have utilised the Digital 

Elevation Model derived from the Shuttle Radar Topography Mission (SRTM) for 

the purpose of lineament extraction, it has been observed that Landsat-8 is also 

extremely effective in this regard. Landsat-8 and the Shuttle Radar Topography 

Mission (SRTM) Digital Elevation Model (DEM) serve different purposes, however, 

when considering the extraction of lineaments, Landsat-8 exhibits a significant 

advantage. The SRTM DEM dataset provides comprehensive topographical 

information, including accurate elevation measurements. On the other hand, 

Landsat-8 satellite imagery possesses valuable multispectral capabilities that are 

essential for distinguishing different surface materials and geological variations. 

The utilisation of a multispectral range facilitates a refined and detailed 

discernment of geological formations, including faults and fractures. Furthermore, 
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the utilisation of Landsat-8’s spatial resolution of 30 metres, in conjunction with its 

spectral bands, enables a more comprehensive and precise delineation of 

lineaments compared to relying solely on elevation data. Therefore, in terms of 

comprehensive lineament extraction, Landsat-8’s capabilities are better suited and 

more effective compared to the topographical focus of SRTM DEM. Several 

research studies (Céleste et al., 2021; Es-Sabbar et al., 2020; Redouane et al., 

2022) have utilised Landsat-8 satellite data for the purpose of extracting 

lineaments, resulting in highly effective and accurate results. 

5.2. Materials and Methods 

5.2.1. Study area 

The research was conducted in the Waziristan tribal region, situated in the North-

West of Pakistan. The region primarily consists of undulating topography, which is 

divided into two administrative districts known as North Waziristan and South 

Waziristan (Figure 5.1). The entire geology of the study is complex and consisted 

of rocks, which are generally deeply thrust, folded, faulted, fractured, brecciated, 

and granulated (Ahmad, 2016). Waziristan is a mineral-rich area of Pakistan and 

important from an economic point of view as huge resources of copper, 

manganese and chromite deposits found there. 
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Figure 5. 1 The map of the study area 

Besides its economic importance, this area of the world is little known to the world 

and had very poor information on geology and geography. Due to its complex 

topography and inaccessibility, mapping the geological structures through remotely 

sensed satellite data is the only available solution to get enhanced information of 

the region. 

5.2.2. Methodological flowchart 

The methodological flowchart of the study area is given in Figure 5.2. 

 

Figure 5. 2 The comprehensive flowchart of the research work, highlighting the 

important tasks applied 

5.2.3. Satellite data 

Open-source Landsat 8 satellite data was used in this research. Landsat 8 has 11 

spectral bands with a spatial resolution of 30 and 100 meters (except the 

panchromatic band whose resolution is 15m). The division of bands is with respect 

to two sensors mounted of Landsat 8. The first sensor is Operational Land Imager 

(OLI) consisting of total 9 bands including 1 cirrus for clouds, 4 in visible, 1 in near 

infrared, 2 in middle infrared and 1 panchromatic band. The second sensor is a 
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Thermal Infrared Sensor (TIRS) including 2 bands in the thermal portion of the 

electromagnetic spectrum. Another important component of Landsat 8 data is its 

16 bits of high radiometric resolution (Vermote et al., 2016). 

The study area falls in two Landsat image tiles with the path-row specification of 

152-037 and 152-038. The cloud-free and clear weather images of 27 December 

2018 were downloaded and pre-processed for further analysis. First, the image 

stacking was done in ERDAS Imagine software whereas, spectral band 2 and 9 

were not used in image stacking process because they are usually  used for 

atmospheric aerosol, and cloud detections respectively (Adiri et al., 2017). As 

spatial resolution along with spectral bands play a key role in the extraction of 

lineaments (Mwaniki et al., 2015), so panchromatic band of 15 meters was used to 

enhance the spatial resolution of other bands using Wavelet Resolution Merge 

algorithm available in ERDAS Imagine software. 

5.2.4. Wavelet resolution merge 

Wavelet resolution merge is a powerful technique used to enhance the spatial 

resolution of multi-spectral satellite images. Usually low or medium spatial 

resolution data is improved by using a spatially referenced high resolution image 

(Pushparaj & Hegde, 2017). This algorithm employs a wavelet transformation, in 

which a relatively high-resolution satellite image is divided into high and low 

frequency bands. After transformation, the low-quality image is then substituted by 

the low-quality satellite bands respectively (Zhang & Mishra, 2012). This algorithm 

is very effective to enhance the resolution of Landsat and IKONOS satellite images. 

But, apparent modification of the spectral properties of the resultant images are an 

unavoidable problem of wavelet-based image enhancement techniques. 

5.2.5. Lineament extraction 

The automatic extraction of lineaments was done using computer vision 

techniques. This technique is a two-step approach: at first, the edges (contours) 

were detected from the satellite images based on spatial filtering. In a second step 

the abrupt changes in the region were mapped based on the values of 
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neighbouring pixels, usually denoting the lines (linear features) (Corgne et al., 

2010; Li, 2010; Nforba et al., 2019; Sharifi et al., 2018). 

5.2.6. Edge detection 

The edges present in the Landsat satellite image were detected using filter radius 

(RADI) for image pixels and the threshold value for edge gradient (GTHR) (Ahmed, 

2014). As per literature, for RADI the values range from 3 to 8 were applied to 

minimize the noise factor.  Similarly, the values from 10 to 70 were taken as the 

threshold in contours detection for the gradient. 

5.2.7. Lines detection 

For the detection of linear features, three different types of threshold values were 

applied. First LTHR which specifies the minimum length of the curve (in pixels), a 

value of 10 was applied in this study. Second FTHR which specifies the maximum 

error (in pixels) i.e., the error of fitting a line in pixel curve. Usually, the lower values 

of FTHR yields the better fitting but shorter sections. Third ATHR which is the 

threshold for angular differences, it is the maximum angle (in degrees) used to link 

the two lines as one (Adiri et al., 2017). 

5.2.8. Slope 

The slope of the area plays an important role in the lineament studies which can 

be helpful in the determination of their presence. An abrupt change in the values 

of the slope is usually key indicators of the existence of linear structures like 

lineaments (Bancalà et al., 2017). The slope was calculated from the digital 

elevation model (DEM) of the study area using ArcGIS spatial analyst extension.  

5.3. Results and Discussion 

In this research, the geological liniments of the study area were extracted using 

the most optimized enhanced resolution bands of Landsat 8 satellite data. The 

image pre-processing was done and automatic lineament extraction algorithm was 

applied. The results showed that the liniments mapped from the satellite image are 

more detailed and enhanced as compared to the filed data. 
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5.3.1. Mineralization zone and fault lines 

The mineralization zone was mapped by the filed investigation. The high content 

of copper mineral is present in the study area, which is also being mined from the 

site. According to Malkani (2013) an estimate of about 120 million tons of copper 

reserves has been found in the study area. 

Beside that the geological features mainly the fault lines were also mapped through 

the filed visit and the published geological reports as shown in Figure 5.3. The 

results showed that the most of the fault lines are in the orientation from North-East 

to South and South-West of the study area. 

 

Figure 5. 3 The geological faults and the mineralized zone present in the study 

area (Source of Data: Geological Survey of Pakistan) 

5.3.2. Hill shade modelling 

The hill shade modelling of the study area was done using the ArcGIS spatial 

analyst extension and is very helpful in highlighting the potential linear features 

from the study area. The shaded relief map of the area was varied by considering 

different illumination source angles and shadow conditions. The azimuth value of 

45 degrees was applied which highlights the maximum linear features present in 
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an area (Biland et al., 2017). The default colour scheme for the shaded relief map 

is grey as shown in Figure 5.4. 

 

Figure 5. 4 The shaded relief map of extracted from digital elevation model of the 

study area 

The high grey colour tones represent the area of abrupt change with respect to the 

topographical features. Usually, these are the areas where there is a high 

possibility of linear features to be situated in and around. A study conducted by 

Šilhavý et al. (2016) also found that hill shading is a very effective way to enhance 

the results of lineaments extraction from satellite data. Another study conducted 

by Abdullah et al. (2010) revealed that the hill shade of the digital elevation model 

improved the accuracy of the lineaments extraction. 

5.3.3. Lineaments extraction 

The lineaments were extracted using an automatic algorithm, the results (Figure 

5.5) showed that the algorithm generated the detailed lineaments of the study area. 

A total of 3,980 small to large scale lineaments were identified in the study area, 

as there was no such definite pattern of the lineaments found but mostly, they were 



96 
 
 

oriented in different direction. The lineaments were further overlaid on the 

geological fault lines and the mineralized zones of the study area.  

 

Figure 5. 5 Automatic extracted lineaments from remotely sensed Landsat 

satellite data as highlighted in yellow colour 

For spatial variation and distribution pattern analysis of lineaments in relation to 

their association with regional structural anomalies, the azimuth based statistical 

tools were applied to the extracted lineaments (Ekneligoda et al., 2010). To further 

study the directional trends of extracted lineaments, the rose diagram type 

common tools were used (Ekneligoda et al., 2010; Masoud et al., 2017; Masoud & 

Koike, 2006; Zangerl et al., 2006). Figure 5.6 showed a rose diagram, in polar 

projected coordinates composed of azimuth length, orientation, and occurrence, of 

the strike plane at the distance of 10 degrees. It can be clearly seen from the Figure 

5.6 that the main trends are North-East to South-West accompanied by East-West. 

The lineaments orientation was found to be in accordance with the other geological 

features as mapped during field investigation. Many hidden lineaments were 

identified which was very difficult and time taking to identify with naked eye and 

field investigation. The results showed that the lineaments extracted by the 
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remotely sensed satellite images followed similar orientation, specifying that the 

geological features clearly control them. 

 

 

Figure 5. 6 The rose diagram of extracted lineaments highlighting the orientation 

5.3.4. Lineament density and mineralization zone 

The density analysis is very efficient statistical method for investigating the 

distribution of spatial density properties of lineaments, it can also reveal or provide 

information on deep complex geological features and mineralization (Corgne et al., 

2010; Saepuloh et al., 2018; Sener et al., 2005). Generally, a highly dense 

region usually represents anomaly and can be considered as fault or fold 

expansion area, whereas a low dense region typically represents a comparatively 

stable tectonic block. High, medium, and low-density regions with a plane 

distribution have accordingly associations with certain mineralogical zones. The 

densest zones were found in the North of the study area very close to the actual 

copper mineralization zone as shown in Figure 5.7. 
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Figure 5. 7 The lineament density map in association with the mineralized rich 

zone situated in the study area 

The results revealed that the copper zone may expand from North to the South 

and then shifted towards the West of the region. The same can also be observed 

by the orientation of the extracted liniments, as they follow similar trends. The other 

possible mineral-rich zone can be on the South-East of the study area as this area 

also has a high density of geological lineaments. The lineament density in the North 

side is higher than the Southside, and in the centre is higher than at ends. 

Furthermore, density analysis showed that the results of lineament extraction are 

in accordance with the geological phenomenon observed on site. Hence, the 

algorithm, for extraction of automatic liniments in accordance with mineralization, 

was proven appropriate for extracting lineaments in this region. 

5.4. Conclusion 

Based on Landsat 8 OLI remote sensing satellite images, fast extraction of 

geologic lineaments in a remote area Waziristan of Pakistan was successfully done 
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using GIS based algorithm. To avoid unimportant satellite band noise disturbing 

the final lineament extraction results, the most appropriate remote sensing image 

bands were selected. The optimized bands were then enhanced in terms of their 

spatial resolution i.e., from 30 meter to 15 meters. The geographical information-

based lineament extraction algorithm was applied and proved to be very effective 

for automatic extraction of lineaments. The orientation of the lineaments was in an 

accordance with the geosocial settings of the region and is mostly from North-East 

to South-West accompanied by East-West directions. The density map of the 

lineaments also highlights the significant orientation of potential mineralized zone 

in the region along with the identification of possible new mineralized pocket in the 

South-East of the region. 

Hence, the techniques adopted in this research work has proven to be of great 

effectiveness for automatic extraction of lineaments and can be applicable in other 

areas where limited data is available. Beside the quick identification and mapping 

of possible mineralized zones in the region, the extracted lineaments information 

can also be used in further area of research like geological hazards, earthquakes, 

and groundwater recharge zones mapping. Simultaneously, the issues of 

lineament continuation and computational productivity, particularly the data 

processing power in large areas and with big amount of satellite image data, are 

also significant research area for further investigation. 
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6. MAPPING HYDROTHERMAL MINERALS USING 

REMOTELY SENSED REFLECTANCE SPECTROSCOPY 

DATA FROM LANDSAT 

This chapter is based on the following publication 

Mahboob, M. A., Genc, B., Celik, T., Ali, S., & Atif, I. (2019). Mapping hydrothermal 

minerals using remotely sensed reflectance spectroscopy data from Landsat. 

Journal of the Southern African Institute of Mining and Metallurgy, 119(3), 279-289. 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

6.1. Introduction 

Many developing nations depend on exploration and exploitation of mineral 

resources to sustain their economic growth. Usually, the traditional mineral 

exploration techniques require enormous finances, prolonged time, and 

tremendous manpower particularly in areas that are not easily reachable 

(Maduaka, 2014). Furthermore, mineral exploration required state of the art 

techniques and expertise along with geological, geochemical and geophysical 

datasets and most of the time these datasets are not easily available or may be 

missing where access is problematic (Bemis et al., 2014; Kaiser et al., 2002). 

Besides these, the modern remote sensing technology has also been proved to be 

one of the highly efficient and robust techniques used for mineral exploration. The 

use of remote sensing satellite images for geological mapping and mineral 

exploration usually involves studying the physicochemical properties of rocks and 

weathering soils, such as mineralogy, landforms, geochemical signatures and the 

spatially distributed lineaments (Bhattacharya et al., 2012). A fundamental principle 

for exploration of minerals is that it’s quite possible that the undiscovered minerals 

will be located in the close vicinity of the discovered ones. For example, if mining 

is happening in one area, then similar minerals will be more likely found nearer to 

the discovered mineral, and as the distance increases, the likelihood of this will 

decrease. In that situation, before drilling exploratory boreholes at new locations, 

remote sensing images can be used effectively to identify regions with higher 
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chances of minerals, mainly through multi- or hyper-spectral remote sensing 

images (Ciampalini, Garfagnoli, Antonielli, et al., 2013; Gholami et al., 2012). The 

use of reflectance spectroscopic information derived from remote sensing data 

allows effective localization of mineral exploration as well as reducing the cost and 

time spent during prospecting fieldwork including geological, geophysical, and 

geochemical studies of an area (Marjoribanks, 2010; Short & Lowman Jr, 1973; 

Tedesco, 2012). Several remote sensing studies for mineral exploration and 

lithological mapping have been done in arid and semi-arid regions (Hajaj et al., 

2023; Lu et al., 2022; Tamani et al., 2019). With large exposures of geologic 

materials, satellites in space are capable of acquisition of spectral reflectance 

directly from rock or/and soils (Di Tommaso & Rubinstein, 2007; M. A. Mahboob et 

al., 2015; Pour & Hashim, 2012; Sabins, 1999; Zhang et al., 2007). 

Hydrothermal alteration minerals with diagnostic spectral absorption properties in 

the visible and near-infrared through the shortwave length infrared regions can be 

identified by multispectral and hyperspectral remote sensing data as a tool for the 

initial stages of porphyry copper and epithermal gold exploration (Di Tommaso & 

Rubinstein, 2007; Ramakrishnan & Bharti, 2015; Zhang et al., 2007). In general, 

porphyry copper deposits are developed by the mineralogical alteration of the 

rocks caused by the hydrothermal fluids. These altered rocks can be identified 

through spectral characteristics of visible and infrared wavelengths (Pour & 

Hashim, 2012). Many minerals have unique and indicative spectral properties with 

a specific amount of electromagnetic (EM) energy reflected and/or absorbed at a 

particular wavelength, which can be used to identify them with high confidence. 

The portion of the electromagnetic spectrum from 0.4 to ~2.5 μm usually known as 

visible, near-infrared and shortwave-infrared is useful to sense the features with 

moderate and low-temperature properties because most of the sunlight is reflected 

from features in this portion (Mahboob et al., 2015)  . 

Usually, Iron oxides, oxyhydroxides, and ligands can be mapped very well in this 

range of the electromagnetic spectrum because of their high or low-temperature 

alterations (Clark et al., 1990). This portion of the spectrum can also be used for 

differentiation between silicate (clay) minerals from other features. This spectral 

differentiation of minerals has been the basis for the use of this technique in 

economic mineral exploration (Calvin et al., 2015). The thermal-infrared (TIR) 
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portion of the spectrum usually from 7 to 14 μm, senses the emitted energy of 

Earth's surface. In addition to water, carbonate, and sulphate, this region of the 

electromagnetic spectrum is also sensitive to Si-O bonds in silicates (Manley, 

2014; Repacholi, 2012; Salisbury et al., 1991; Udvardi et al., 2017). The spectral 

signatures of some typical minerals (Calcite, Orthoclase Feldspar, Kaolinite, 

Montmorillonite, and Hematite) that can be clearly and confidently mapped using 

reflectance spectroscopy of the satellite data i.e., hyperspectral data is shown in 

Figure 6.1. 

 

Figure 6. 1 Reflectance spectra of some typical minerals in visible, near-infrared 

and middle-infrared regions of the electromagnetic spectrum, Source: (Gale, 

2017) 

In this study, the identification of hydrothermally altered rocks and associated 

features with hydrothermal mineralization in Gauteng and Mpumalanga is 

examined using Landsat 8 (originally known as Landsat Data Continuity Mission 

(LDCM)) remote sensing satellite reflectance spectroscopy. 

6.2. Material and Methods 

6.2.1. Study area 

The study area for this research was Roodepoort & Westonaria from Gauteng 

province and Witbank & Kriel from Mpumalanga province of South Africa as shown 

in Figure 6.2. Gauteng's name is derived from the Sotho, "Gauta" which means 
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"Gold" with the local suffix "-eng". "Gauta" has been taken from the Dutch word for 

gold, "goud". The main economic sectors are financial services, business services, 

logistics, communications, and mining. 

 

Figure 6. 2 Map of Gauteng and Mpumalanga provinces of South Africa 

The general geology of Mpumalanga consists of mud-rock, siltstones, sandstones, 

conglomerate and several coal seams. However, in Gauteng, the most significant 

geological formation is Witwatersrand. Gold in this region was deposited by the 

greenstones (volcanic materials) and mountains of granites as the region was 

highly active geologically and erosion caused the formation and deformation of 

rocks. Due to these activates, the gold in the region became highly concentrated 

in the region. Gauteng was built upon the wealth of gold found deep underground, 

i.e. almost 40% of the world’s reserves (Durand, 2012). Whereas Mpumalanga 

(name changed from Eastern Transvaal on 24 August 1995) is another mineral-

rich province of South Africa. Mpumalanga accounts for 83% of South Africa's coal 

production. 90% of South Africa's coal consumption is used for electricity 

generation and the synthetic fuel industry (Dabrowski et al., 2008).  

6.2.2. Remote sensing data 

Usually, ASTER is the most commonly used satellite data for hydrothermal mineral 

mapping and exploration. However, since 2008, its 6 x SWIR sensors are no more 
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operational because of some malfunctioning (Wessels et al., 2013), the same has 

also been declared by NASA in 2009. On the other hand, Landsat is also free and 

used in mapping and exploration of hydrothermal altered minerals and rocks. In 

this research, the cloud-free level 1T (L1T) data of Landsat 8 satellite (path 170 / 

row 78) recorded in August 2017 was used. Landsat images are processed in units 

of absolute radiance using 32-bit floating-point calculations. These values are then 

converted to 16-bit integer values in the finished Level 1 product (Chander & 

Markham, 2003). Landsat 8 is equipped with the Operational Land Imager (OLI) 

and the Thermal-Infrared Sensor (TIRS) as their spatial and spectral 

characteristics are shown in Table 6.1. A single image of Landsat 8 satellite covers 

an area with extents of 170 km (north-south) by 183 km (east-west).  

Table 6. 1 Landsat-8 satellite spectral and spatial details 

Spectral 

band 

number  

Spectral band name Wavelength (μm) Spatial 

resolution (m) 

1 Coastal aerosol 0.43 - 0.45 30 

2 Blue 0.45 - 0.51 30 

3 Green 0.53 - 0.59 30 

4 Red 0.64 - 0.67 30 

5 Near-Infrared (NIR) 0.85 - 0.88 30 

6 Shortwave-Infrared 

(SWIR) 1 
1.57 - 1.65 30 

7 Shortwave-Infrared 

(SWIR) 2 
2.11 - 2.29 30 

8 Panchromatic 0.50 - 0.68 15 

9 Cirrus 1.36 - 1.38 30 

10 Thermal-Infrared 

(TIRS) 1 
10.60 - 11.19 100 

11 Thermal-Infrared 

(TIRS) 2 
11.50 - 12.51 100 
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6.2.3. Satellite image pre-processing 

The pre-processing of raw satellite images is necessary to obtain geometrically 

and atmospherically corrected images so that the spectral information can be 

extracted and analysed. The raw satellite images of the study area are shown in 

Figure 6.3. 

 

Figure 6. 3 Raw, unprocessed Landsat satellite image of the study area (False 

Colour Composite as Red: band NIR, Green: band RED and Blue: band Green) 

The geometric correction is the georeferencing of satellite images with respect to 

the ground control points in order to obtain pixels with the same dimensions. 

Whereas for atmospheric corrections there are two different approaches: (1) 

relative normalization (Schroeder et al., 2006) and absolute correction (Chavez, 

1996; Song & Woodcock, 2003). Relative normalization includes radiometric 

correction of the Landsat datasets with respect to a reference image based on the 

correlation between pseudo-invariant objects from multi-date images (Song et al., 

2001). Absolute correction can be subdivided into two more categories: empirical 

and physical-based methods. In the empirical approach, the spectral properties of 

the ground features are used for transforming the spectral data from the sensor’s 

radiance to ground reflectance. Empirical methods are simple but don’t incorporate 

the pixel-to-pixel variation in atmospheric effects. Whereas the physical-based 
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methods, such as Atmospheric/Topographic CORrection (ATCOR; (Richter, 

1997), MODerate resolution atmospheric TRANsmission (MODTRAN; (Berk et al., 

1998), and the Satellite Signal in the Solar Spectrum (6S) code (Vermote et al., 

1997), incorporates the heterogeneity of the atmosphere, but required several 

complicated and manual procedures, which make them hard to process big 

amount satellite data. On the other hand, the Landsat Ecosystem Disturbance 

Adaptive Processing System (LEDAPS) software (Masek et al., 2006), which has 

implemented the 6S code, made an atmospheric correction for Landsat 4–7 fully 

automated. Recently, Vermote et al. (2016) made an improved atmospheric 

correction algorithm for Landsat 8 (L8SR), which has shown an improvement over 

the ad-hoc Landsat 5–7 LEDAPS product. The modified LEDAPS product was 

applied in this study for atmospheric corrections as shown in Figure 6.4. 

 

Figure 6. 4 Atmospherically corrected and enhanced Landsat satellite image of 

the study area using Near Infrared, Red, and Green spectral bands combination 

6.2.4. Spectral sub-setting 

As OLI band 1 (coastal aerosol) is useful for imaging shallow waters and band 9 

(cirrus) to detect the high-altitude clouds, and tracking fine particles like dust and 

smoke, these two bands were not included in further analysis. Moreover, according 

to the literature, for mineral exploration mapping, the most appropriate bands are 
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located in the visible, NIR and SWIR regions. In this research study, OLI bands 2 

– 7 and TIRS bands 10 – 11 were used for advanced processing. All these bands 

were stacked as a single image with spatial resolution of 30m using Layer Stacking 

digital image processing technique (Mahboob; et al., 2015). 

6.2.5. Conversion of digital number to reflectance 

Usually, the L1T images of Landsat-8 consist of the Digital Numbers (DN), which 

cannot be used due to lack of physically meaningful information and should be 

converted to surface reflectance. This conversion is required for quantification of 

different features in remote sensing data as it incorporates solar conditions 

(geometry, illumination, and intensity) when the images were captured. In this 

study, the data was converted to the Top of Atmosphere (TOA) reflectance using 

radiometric coefficients as recommended by Roy et al. (2016), where DN were 

converted to reflectance representing the ratio of the radiation reflected off a 

surface to the radiation striking it (Han & Nelson, 2015) as shown in Figure 6.5. 

  

Band 2 (Blue) Band 3 (Green) 

  

Band 4 (Red) Band 5 (Near-Infrared) 
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Band 6 (Shortwave-Infrared-I) Band 7 (Shortwave-Infrared-II) 

Figure 6. 5 Spectral bands of Landsat satellite 

Equation 6.1 was used to convert DN values to TOA reflectance (Zanter, 2016): 

𝜌𝜆 = 
𝑀𝜌 × 𝑄𝑐𝑎𝑙 + 𝐴𝜌  

sin(𝜃)
 

Equation 
6. 1 

where: 

𝜌𝜆 = Top of Atmosphere Planetary Reflectance (dimensionless). 

𝑀𝜌  = Reflectance multiplicative scaling factor for the band. 

𝐴𝜌  = Reflectance additive scaling factor for the band. 

𝑄𝑐𝑎𝑙 = Level 1 pixel value in DN. 

𝜃 = Solar elevation angle (degrees). 

6.2.6. Reflectance spectroscopy of satellite image 

The data captured by Landsat 8 remote sensing satellite represents the reflected 

and/or emitted spectral energy, which can be further used based on absorption 

characteristics of spectra to detect different materials and features of the earth. 

Some minerals and mineral groups in hydrothermally altered rocks have unique 

absorption characteristics in the EM spectrum. For example, alunite and some clay 

minerals (pyrophyllite and kaolinite group of minerals)  have unique absorption 

features at ~2.1 µm, and their spectral responses are much higher at ~1.7 µm 
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(Sabins, 1999). Usually, the minerals like iron oxide and sulphate have low and 

high reflectance in the ultraviolet/blue and near-infrared portion of EM spectrum 

respectively (Johnson et al., 2016), because of which these minerals have a rusty 

shade in a natural colour image. 

6.2.7. Band-ratioing of satellite image 

Band-ratioing is a digital image-processing technique that enhances the contrast 

between features by dividing a measure of reflectance for the pixels in one band 

by the pixels in the other band of the same satellite image. This technique has 

already been widely used by several researchers for visualizing and mapping of 

hydrothermally altered rocks. For example, Han and Nelson (2015) efficiently used 

the image ratios of Landsat Thematic Mapper (TM) band 5 (1.55– 1.75 µm) over 

band 7 (2.09– 2.35 µm) to differentiate areas with high concentrations of alunite 

and clay, where pixels in the satellite image appear bright. Another study 

conducted by Van Der Meer (2004) used the ratio image of band 3 (0.63– 0.69 µm) 

over band 1 (0.45 –0.515 µm) to highlight areas with rich iron ores. In current 

research work different band ratios, as shown in Table 6.2 were developed and 

applied in order to enhance hydrothermally altered rocks and lithological units. The 

selection of bands is related to the spectral reflectance and position of the 

absorption bands of the mineral or assemblage of minerals to be mapped.  

Table 6. 2 Band ratios for enhancement of hydrothermally altered rocks and ore 

bodies 

Sr. No Spectral Band Name 
Wavelength 

(nm) 

Type of 

Enhanced 

Mineral 

1 
Red 

Blue
 

640 −  670

450 −  510
 Iron oxide 

2 
Shortwave − Infrared (SWIR) 1 

Shortwave − Infrared (SWIR) 2
 
1570 −  1650 

2110 −  2290
 

Hydroxyl bearing 

rock 

3 
Shortwave − Infrared (SWIR) 2 

Near − Infrared (NIR)
 
2110 −  2290 

850 −  880
 Clay minerals 
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4 
Shortwave − Infrared (SWIR) 1 

Near − Infrared (NIR)
 
1570 −  1650 

850 −  880
 Ferrous mineral 

Even though the band-ratioing technique works very well for visualization, it is not 

capable of mapping or quantification of the land features. One of the reasons for 

this limitation is that most of the optical multi-spectral remote sensing instruments 

used the bandwidths > 0.05 µm, which is too wide to explicitly differentiate the 

unique spectral absorptions related to specific alteration minerals (Van Der Meer, 

2004). Furthermore, many band-ratioing techniques use only two or sometimes 

three bands whereas multispectral remote sensing instruments offer many more 

bands than that. Based on these limitations, there is a need to adopt another 

advanced digital satellite image analysis approach which can utilize all available 

satellite bands together as highlighted in the next sections. 

6.2.8. Spectral band combination 

Spectral band combination technique is also known as Red Green Blue (RGB) 

combination is a very useful image enhancement technique which offered powerful 

means to visually interpret a multispectral satellite data (Novak & Soulakellis, 

2000). The band combinations of satellite data can be true (natural) or false-colour 

composites (i.e., FCC) using individual bands or band ratios. For this purpose, 

several band ratios and bands combinations had been developed over the time to 

differentiate lithology in a satellite image as few examples are given in Table 6.3.  

Table 6. 3 Landsat TM spectral band combinations, RGB combinations for 

enhancement of hydrothermally altered rocks and ore bodies 

Sr. No Analysis Type 
Spectral 

Bands 

Type of Enhanced 

Mineral 
References 

1  𝐾𝑎𝑢𝑓𝑚𝑎𝑛𝑛 𝑟𝑎𝑡𝑖𝑜 
7

4
∶  
4

3
∶  
5

7
 

Red color represents 

minerals containing 

iron ions; Green 

represents vegetated 

zones, and Blue 

(Kaufmann, 

1988) 
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represent hydroxyl-

bearing minerals. 

2 𝐶ℎ𝑖𝑐𝑎–𝑂𝑙𝑚𝑎 𝑟𝑎𝑡𝑖𝑜  
5

7
∶   
5

4
∶  
3

1
 

Red color depicts Clay; 

Green color represents 

the Iron-ions; whereas 

Ferrous Oxide 

represented in blue 

color. 

(Mia; & 

Fujimitsu, 

2012) 

3 𝑆𝑎𝑏𝑖𝑛’𝑠 𝑟𝑎𝑡𝑖𝑜  
5

7
∶  
3

1
∶  
3

5
 

Yellow color represents 

hydrothermal alteration 

areas; Black identifies 

water; the Dark tones of 

Green indicates 

vegetation whereas the 

Lighter tones of Green 

signifies the clay-rich 

rocks; Blue shows 

sand; Red, Pink or 

Magenta indicates 

some mineral rocks-

iron oxides. 

(Sabins, 

2007) 

4 𝑆𝑢𝑙𝑡𝑎𝑛’𝑠 𝑟𝑎𝑡𝑖𝑜  

5

7
∶  
5

1

∶  
5

4
 ×  

3

4
 

Deep violet color 

represents the hydroxyl 

minerals; Green will 

present the ferric, and 

Blue color highlights the 

ferrous iron oxides. 

(Gad & 

Kusky, 

2006) 

5 𝐴𝑏𝑟𝑎𝑚𝑠 𝑟𝑎𝑡𝑖𝑜  
5

7
∶  
3

1
∶  
4

5
 

The hydrothermally 

altered iron-oxide will 

be represented as 

Green and clay 

minerals as Red color. 

(Pour & 

Hashim, 

2012) 

In this research, the Kaufmann and Sabin’s ratios were applied to highlight the 

hydrothermally altered rocks associated with the minerals present in the study 
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area. Most of the research studies have applied these two ratios for the 

identification of altered areas and their associated minerals. For example, Mia and 

Fujimitsu (2012) and Abhary et al. (2016) applied the Kaufmann ratio for the 

mapping of minerals containing hydroxyl and iron ions using Landsat satellite data. 

Similarly, da Cunha Frutuoso (2015) used Sabin’s ratio for the identification of 

sulphide deposits associated with the alteration areas of iron oxides. 

6.2.9. Principal component analysis 

Principal component analysis (PCA) is an advanced information extraction 

technique and is frequently used in the earth sciences, e.g., (Cheng et al., 2011; 

El-Makky, 2011). PCA is a famous multivariate statistical method and has been 

generally used to study associations between variables. By orthogonal 

transformation, several correlated variables can be transformed into uncorrelated 

combinations (eigenvector loadings) of principal components (PCs) based on their 

covariance or correlation matrix (Horel, 1984; Loughlin, 1991). Generally, the first 

few PCs highlights the most variability in the original dataset (Panahi et al., 2004). 

Therefore, PCA reduced the dimensionality and redundancy of datasets and is 

commonly applied to enhance information interpretability (Cheng et al., 2011; 

Horel, 1984; Jolliffe, 2002). According to the algorithm of PCA, PCs are linear 

combinations of the original variables, whereas each PC incorporates input 

variable uniquely and signifies only limited information within the complete dataset 

(Abdi & Williams, 2010). Due to its handling of multivariate datasets PCA has been 

extensively used in remote sensing for mapping of geological bodies like ores, 

igneous rocks, strata, etc. (Grunsky et al., 2014). Generally, the spectral properties 

of different features present in the area i.e. vegetation, rocks and soils are 

responsible for the statistical variance mapped into each PC which becomes the 

basis of the Crosta technique (Tangestani & Moore, 2001). In this study, the same 

technique has also been applied based on highly variable non-correlated satellite 

bands for hydrothermally altered rocks. 

6.3. Results and Discussion 

The effectiveness of the remote sensing based hydrothermal minerals 

identification and mapping depend on clear differentiation of the reflected spectra 
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of altered bedrock from those of the other objects. The true colour composite of 

bands 3, 2 and 1 as Red, Green, and Blue respectively highlighted the textural 

characteristics of the igneous rocks which could be separated from those of 

sedimentary rocks. Pournamdari et al. (2014) tested the same satellite band 

combinations and found them to be effective for extraction of igneous rocks in 

south Iran. The false colour composite was assigned to bands 4, 3 and 2 as Red, 

Green, and Blue respectively and shown in Figure 6.6 to analyse the reflected 

satellite spectroscopy. Whereas false colour composite is important to enhance 

the regional geological and geomorphological features as also reported by Bedini 

(2009). Vegetation appeared in red shades because of near-infrared (0.7 to 1.2 

μm) band which was highlighted with red colour and vegetation reflects the 

maximum in the near-infrared. 

 

Figure 6. 6 RGB combination for bands 4, 3, 2. Enhanced image where outcrops 

are represented in shades of green and vegetation in dark red 

Hydrothermally altered clay and carbonate minerals are recognizable as a yellow 

area of crystalline igneous rocks in the Gauteng and Mpumalanga district as shown 

in Figure 6.7, this may be due to clay and carbonate minerals have absorption at 

2.1–2.4 μm (band 7 of Landsat-8) and reflectance at 1.55–1.75 μm (band 6 of 

Landsat-8) properties. Van Der Meer (2004) also reported the same absorption 

and reflectance bands in the clay minerals using NASA’s Airborne Visible/Infrared 
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Imaging Spectrometer (AVIRIS) data. Another study conducted by Zaini et al. 

(2016) concluded that clay and carbonates have the same absorption and 

reflectance bands and these can be effectively used for their mapping through 

reflectance spectroscopy. 

 

Figure 6. 7 RGB combination for bands 6, 3, 1. Enhanced image where outcrops 

are represented in shades of yellow 

The iron oxides present within the study area were highlighted by the spectral band 

ratio of Red and Blue bands as discussed in Table 6.2. The soils rich in iron oxides 

reflects more in the red band of the spectrum, i.e. 0.64 - 0.67 μm and it has 

absorption characteristics at blue band i.e. 0.45 - 0.51 μm (Schwertmann, 1993). 

The typical reflectance curve of iron oxide-rich soils is shown in Figure 6.8. A. B. 

Pour and M. Hashim (2015) had also shown the importance of the red and blue 

bands of Landsat satellite data for mapping of iron oxides in Iran region. In 2017, 

Pour et al. also extracted the iron-rich mineralized zones of remote Antarctica from 

Landsat satellite imagery by using spectral band ratio techniques. 
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Figure 6. 8 Typical spectral reflectance curve of iron oxide in loam soils, source 

(Rathod et al., 2016) 

The map of potential iron oxides presents in the study area derived from band ratio 

of the red and blue wavelengths of the spectrum is shown in Figure 6.9. This map 

of the iron oxides in comparison with the Council for Geoscience (CGS) published 

a map of iron deposits of South Africa showed a good agreement as highlighted in 

Figure 6.10. The area circled as dark blue represents the iron deposits in Gauteng 

and Mpumalanga. In addition, the research conducted by Holmes and Lu (2015) 

supported the results of this study and highlights the potential of iron deposits in 

the Gauteng and Mpumalanga. 
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Figure 6. 9 Band ratio of red and blue band enhanced soils with potential iron 

oxides as represented in shades of purple 

 

Figure 6. 10 Iron deposits of South Africa, Source: (Vorster, 2012b) 

Gold cannot be “seen” directly in any remotely sensed satellite image, however, 

the presence of this precious metal can be mapped with the presence of several 

other associated minerals based on their spectral reflectance (Kotnise & 

Chennabasappa, 2015). The group of minerals present in the alteration zones 

related to gold deposits is generally referred to as clay minerals including illite-1M, 

illite-2M1, Dioctahedral smectite and Kaolinite etc. (Drews-Armitage et al., 1996). 

These minerals have indicative spectral signatures mostly in the shortwave-

infrared portion of the electromagnetic spectrum. These spectral signatures can be 

used to map the potential sites that are most favourable for the occurrence of gold 

deposits, which is very cost and time effective for the mineral industry for their 

exploration programs. The band combination of shortwave-infrared 2 with spectral 

band 2.11 - 2.29 μm and near-infrared with spectral band 0.85 - 0.88 μm shows 

the areas in shades of red to yellow which have the potential of clay minerals as 

shown in Figure 6.11. L. Liu et al. (2018) applied various image processing 

techniques, including false colour composite, band ratios, and matched filtering, to 

process ASTER satellite data and map the distribution of hydrothermal minerals 
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associated with the gold deposition. They concluded that the SWIR and NIR bands 

are most effective to map the regions associated with the gold deposits. 

 

Figure 6. 11 Band ratio for enhancement of potential clay minerals as 

represented in shades of red to yellow 

In general, Gauteng province has more clay minerals which are associated with 

the gold mineralization potential as compared to the Mpumalanga province 

(Durand, 2012; Sutton et al., 2006; Sutton, 2013). The approach that was applied 

to map potential gold in this study has also been applied by several other 

researchers i.e. Safari et al. (2017) used a similar approach to identify gold 

mineralization and concluded that integration of remote sensing data with other 

information sources led to the definition of locations possibly suitable for hosting 

Sn-W and Au-Ag mineral occurrences. Another study conducted by Gabr et al. 

(2010) utilized the shortwave-infrared and near-infrared bands of ASTER satellite 
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to map high-potential gold mineralization in Egypt. However, through an optical 

sensor satellite, it is quite difficult to directly map any mineral located at the depth 

of 100 meters or more in the ground as in the case of Gauteng. But there are 

always indirect measurements from the surroundings such as altered rocks or soils 

on the surface which gives an indirect indication for the presence of these minerals 

such as gold. In this study, the identified potential gold areas (Figure 6.11) can be 

associated with the gold mining tailings, because no direct and indirect 

measurement can be made to map surface gold potential in Gauteng due to the 

geological settings of the region. The map of gold deposits developed by the 

Council for Geosciences (CGS); South Africa (Figure 6.12) was used in order to 

verify/support the potential gold (tailings) identification in the area. 

 

Figure 6. 12 Gold deposits of South Africa, Source: (Vorster, 2012a) 

The map showed that there are several gold deposits in Gauteng province but no 

or minimum deposits in Mpumalanga, which supports the results of the gold 

(probably gold tailings) map (Figure 6.11) generated during this study.  

The other important band ratio comprised of shortwave-infrared and near-infrared 

was applied for identification of ferrous minerals. The results showed that this band 

ratio technique produced good results of ferrous minerals in Gauteng but 

overestimated in Mpumalanga. The soils with ferrous minerals reflect mostly in 
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shortwave-infrared 1 with spectral band 1.57 - 1.65 μm and near-infrared with 

spectral band 0.85 - 0.88 μm (Ducart et al., 2016) and are shown in Figure 6.13 in 

shades of orange to yellow. 

 

Figure 6. 13 Band ratio for enhancement of potential ferrous minerals in soils as 

represented in shades of orange to yellow 

The Kaufmann and Sabin’s ratios were developed by combining spectral 

reflections of satellite bands ratios, and their results were proved to be promising 

for mapping of hydrothermal minerals (Mahandani et al., 2018). da Cunha Frutuoso 

(2015) also applied the same ratios to map the hydrothermal gold mineralization in 

Portugal and found them to be very effective and accurate. Figure 6.14 and 6.15 

show that results of these ratios both for Gauteng and Mpumalanga province 

respectively. In the Kaufmann ratio map, the red colour represents minerals 

containing iron ions; green represents vegetated zones, and yellow represents 

hydroxyl-bearing minerals. Whereas, in Sabin’s ratio map the shade of green 

colour represents hydrothermal alteration areas; black identifies water; the dark 
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tones of green indicate vegetation whereas the lighter tones of greenish-yellow 

signify the clay-rich rocks; blue shows sand; red, pink or magenta indicates some 

mineral rocks-iron oxides. These colour shades for several earth features and 

minerals are in accordance with the research done by Sabins (2007) and showed 

the effectiveness of the Sabin’s ratio in mineral mapping. 

 

Figure 6. 14 Kaufmann and Sabin’s ratios representing the hydrothermal minerals 

in different shades of colours for Gauteng region 
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Figure 6. 15 Kaufmann and Sabin’s ratios representing the hydrothermal minerals 

in different shades of colours for Mpumalanga 

Similarly, the outputs of principal component analysis also revealed very good 

results in terms of hydrothermal mapping of minerals present in the study area. In 

our study, the principal component transformation specifies that the first principal 

component (PC1) is composed of a negative weighing of all total bands as shown 

in Table 6.4.  

Table 6. 4 Principal component analysis of Landsat satellite bands of Gauteng and 

Mpumalanga area 

Input Bands PC1 PC2 PC3 PC4 PC5 PC6 

Band 2 
0.36061

3 

-

0.14904

7 

-

0.47375

7 

0.64216

9 

-

0.15624

1 

-

0.43186

0 
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Band 3 
0.34657

6 

0.12797

6 

0.40918

8 

0.05290

0 

-

0.09319

9 

0.82739

7 

Band 4 

-

0.35209

3 

-

0.27325

6 

0.60239

1 

0.60850

3 

0.46398

0 

-

0.35265

4 

Band 5 

-

0.48931

5 

0.84657

0 

-

0.30239

1 

-

0.15595

5 

-

0.12769

4 

0.05576

3 

Band 6 
0.48454

2 

0.14301

3 

0.47143

1 

0.32111

1 

0.43523

9 

-

0.03741

4 

Band 7 

-

0.38943

7 

0.38678

6 

-

0.25633

2 

0.29514

1 

0.73883

9 

0.00599

1 

Eigenvalues 

(%) 
94.53 7.93 3.67 0.08 0.04 0.001 

 

The PC1 is about 94.53% of the eigenvalue of the total variance for un-stretched 

data of principal component analysis. The eigenvector loadings for PC3 indicates 

that PC3 is dominated by vegetation, which is highly reflective in Band 4; the 

positive loading of Band 4 in this PC (0.602391) also indicates that strongly 

vegetated pixels will be bright in this PC image. The similar results were also found 

by Cheng et al. (2011), as they have vegetated dominated pixels in band 4 loadings 

for PC3. 

Because the eigenvalues for Band 2 and 4 in PC6 of Table 6.4 are also opposite 

in sign, which highlights that iron oxides will be distinguished by bright pixels in 

PC6. PC5 can be used to map the Hydroxyl-bearing minerals because of the 

positive and negative eigenvalues of band 7 and 5 respectively and appeared as 

dark. These selected PCs were further used in Crosta technique, the hydroxyl (H) 

and iron-oxide (F) images are combined with selected PCs to produce a map 

revealing the pixels with abnormal concentrations of both hydroxyls and iron-
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oxides. Whereas the principal components having positive eigenvalues from both 

input bands is selected for the analysis. Figure 6.16 shows the results of Crosta 

images of hydroxyl (H), hydroxyl+iron-oxide (H+F) and iron-oxide (F) as RGB 

composite. This band combination returns a dark bluish colour composite image 

on which alteration zones are highlighted as bright regions as also discussed by 

Ciampalini, Garfagnoli, Antonielli, et al. (2013). 

 

Figure 6. 16 Hydrothermal minerals map through Crosta technique as light 

shades of blue 

6.3.1. Validation of the results 

The most common method to evaluate the results of this sort of mineral-mapping 

is the application of spectrometer and/or spectral testing of samples in the lab. But 

according to Clark (1999), there are two types of methods for authentication of 

information extracted from remotely sensed imagery i.e. 1) virtual and 2) in situ. If 

the spatial and/or spectral resolution of remotely sensed satellite data is fine and 

accurate then virtual verification can be done by inspecting the remote sensing 

data directly and comparing it with the already published reports or data. In this 

paper, virtual verification, i.e., visual interpretation of absorption of spectral bands 

and comparison with the published maps of Council for Geoscience (CGS) were 
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used to evaluate the results of hydrothermal mineral exploration along with the 

similar research studies done by several researchers. The good qualitative 

agreement was observed for the results of principal components and the spectral 

reflectance of the satellite data. 

6.4. Conclusions 

This study confirms that reflectance spectroscopy of remotely sensed Landsat 

satellite data can be used easily and efficiently to map hydrothermal minerals. In 

this study different digital image processing algorithms and techniques were 

applied to assess their significance for hydrothermal mineral exploration. The 

Principal Component Analyses (PCA) based Crosta technique and band ratio 

techniques like Kaufmann and Sabin’s ratios are proved to be more significant and 

efficient for hydrothermal mineral exploration. Several researchers also concluded 

that the advanced image processing techniques like applied and tested in this 

current study are quite efficient in terms of mineral-mapping through remote 

sensing data (L. Liu et al., 2018; Manuel et al., 2017). The maps produced in this 

study are not only appropriate for any spatial queries and analysis but also for 

environmental modelling such as assessing the impacts of mining activities on 

environmental features such as the forest, farmlands, urban areas, etc. The 

hydrothermal minerals identified in this study are only the estimation based on 

literature cited proved algorithms for remotely sensed data, and they should be 

treated as the preliminary assessment of the study area. The other important point 

is about the resolution of the satellite data used in this study i.e., Landsat 8 which 

has a 30 – 100 meter spatial and moderate spectral resolution. The datasets with 

this kind of resolutions may be enough for regional work but are insufficient for 

much detailed minerals mapping. Using satellite data with the higher spatial and 

spectral resolutions, such as data of Worldview 3 satellite (Kruse, 2015) or aerial 

drones, may be more suitable for much detailed minerals mapping. So, the maps 

developed in this research are a valuable data source for the comprehensive 

studies to be conducted in the future. The methodology developed in this research 

study is cost-effective and time-saving which can be applied to the inaccessible 

and/or new areas with limited ground knowledge where reliable and updated 

minerals information is desired. 
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7. EVALUATION OF ISODATA CLUSTERING ALGORITHM 

FOR SURFACE GOLD MINING USING SATELLITE DATA 

This chapter is based on the following publication 

Mahboob, M. A., & Genc, B. (2019, July). Evaluation of ISODATA Clustering 

Algorithm for Surface Gold Mining Using Satellite Data. In 2019 International 

Conference on Electrical, Communication, and Computer Engineering (ICECCE) 

(pp. 1-6). IEEE. 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

7.1. Introduction 

Surface mining activities such as mineral exploration, exploitation, and dumping of 

overburden cause huge environmental changes, if not done in a proper way. These 

changes become worse in the case of poorly planned and/or illegal mining 

scenarios (Thomas, 2019). Therefore, it is very important to monitor the mining 

activities in any region on a regular basis. The monitoring of a large mining area 

with remote sensing satellite technologies is not only practical but also cost-

effective. Several research studies have been applied remote sensing data in the 

mining industry from environmental monitoring (Karan et al., 2016; Mahboob et al., 

2019; Yu et al., 2018; Zeng et al., 2017) to post mine closure land management 

(CHEN et al., 2004; Yang, 2008). 

Moreover, the satellite data is multi-dimensional in terms of spatial, spectral and 

radiometric aspects. Due to this multi-dimensionality, the satellite images are 

usually of big size and are difficult to process in order to convert it into useful 

information. It is always recommended to perform image processing on the raw 

satellite images before any further analysis (Jensen, 2015). Due to the 

advancement in computer technologies, now there are several digital image 

classification schemes ranging from supervised to unsupervised, hybrid to 

parametric and pixel-based to generic classification, which can be used not only to 

identify certain land covers but also to quantify them (Mather & Tso, 2016). All 
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these classification schemes have their own strengths and weaknesses depending 

on the underlying conditions and selection of appropriate algorithms in each case. 

The choice of appropriate algorithms for objects identification and mapping can 

highly affect the accuracy of the results and thus the decision making. Several 

research studies (Munyai, 2017; Obodai et al., 2019; Schueler et al., 2011) have 

tested different classification schemes for surface gold mining mapping. A study 

conducted by Hemalatha and Anouncia (2017) showed that ISODATA clustering 

algorithms are not only time saving but are efficient in terms of accuracy. However, 

the accuracy highly depends on the selection of parameters used to tune the 

model. Another study conducted by Wang et al. (2014) used the ISODATA 

clustering algorithm for classification of hyperspectral remote sensing satellite 

images and the results showed that the improved ISODATA algorithm performs 

much better than the Spectral Angle Mapper is a supervised classification method 

as it employs user-defined reference spectra as training data for image 

classification. Similarly Sunuprapto et al. (2016) used the ISODATA cluster 

algorithm for identification of surface gold mining along with several other digital 

image processing techniques and concluded that, the ISODATA is a robust 

unsupervised image classification technique but is sensitive to the choice of the 

number of initial clusters used for classification. Besides that, very little research 

has been conducted in terms of the selection of proper parameters on which the 

accuracy of the ISODATA clustering algorithm is highly depended for gold mining 

regions mapping. In this research, an unsupervised image classification algorithm 

ISODATA clustering has been applied on satellite remote sensing data for 

identification of gold mining areas in the image. 

7.2. Materials and Methods 

7.2.1. Study area 

The study area for this research was the Obuasi mining town of Ashanti Region of 

southern Ghana as shown in Figure 7.1. The town is known for its gold mining, and 

according to CNCrusher (2018) it is one of the nine largest gold mines on the earth, 

and mining activities in the region are as old as since 17th century. Due to the 

presence of high gold content in the region, recently there is a boom in legal as 

well as illegal gold mining in the area. The unplanned and unsustainable gold 
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exploration and exploitation in the region are causing several devastating impacts 

on the surrounding environment such as land and forest degradation, soil, water, 

and air pollution and several other health-related issues. 

 

Figure 7. 1 Map of the study area 

7.2.2. Satellite data 

The satellite data used in this research was acquired from sentinel satellite recently 

launched by European Space Agency in 2015. The sentinel satellite provides a 

fine scale spatial and multispectral data with good time frequency. This data has 

been used in several research studies for environmental monitoring of mining-

related activities but the application of different computer-based classification 

algorithms is limited to this dataset. The most recent available satellite image of 

the year 2019 with a spatial resolution of 10m and 4 spectral bands including Blue, 

Green, Red, and Near-Infrared was processed. 

7.2.3. Satellite Image Pre-processing 

Usually, the Sentinel satellite image is of 100 × 100 m in width and is a large data 

set to process as a single image. Hence the study area was masked out from the 

large image to a comparatively smaller image, which is also easy to process. The 

satellite data is usually composed of raw Digital Numbers (DN) values in each pixel, 
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it is highly recommended to convert the DN numbers into Top-Of-Atmosphere 

(TOA) sensor reflectance. The Sentinel satellite data is available in both DN and 

TOA forms, so in this study, the TOA-based data was acquired and further image 

processing was done. The Histogram Equalization technique was adopted in order 

to adjust and enhance the contrast of the satellite images by varying the intensity 

distribution of the spectral bands. The result of the pre-processed and enhanced 

satellite image was used for further application of the ISODATA clustering 

algorithm. 

7.2.4. ISODATA clustering algorithm 

Iterative Self-organizing Data Analysis Techniques Algorithm (ISODATA), is an 

unsupervised semi-automated classification scheme which has been widely used 

in several research studies in order to map certain landcover classes in satellite 

images (Abburu & Golla, 2015; Jensen, 2015; Verma et al., 2017). ISODATA 

clustering algorithm used the minimum spectral distance formula to form the 

clusters of the pixels in the form of the unique classes. The initialization of the 

algorithm can be done with either an arbitrary mean of clusters or with means of 

existing class signatures. As it is an iterative process, each time the clustering is 

done, the mean of the developed class is shifted from old to a new location. The 

algorithm will keep generating the classes until one of the two conditions met, either 

the maximum allowed number of iterations or a maximum allowed percentage of 

unchanged pixels has been achieved between the two successive iterations. 

The adjustable parameters in the ISODATA classification scheme were, 1) the 

minimum and maximum number of classes to be generated; 2) minimum 

percentage size of a class, if a cluster has less number of pixels than this specific 

limit then the cluster will be deleted at the end of iteration; 3) maximum standard 

deviation which will allow the algorithm to divide the clusters into two if the value 

increases than this; 4) minimum distance parameter is used for merging of the 

clusters based on the Euclidean distance; 5) maximum merges which allow the 

number of clusters that can be merged together at the end of each iteration; 6) the 

number of iterations which determines the specific number of times the algorithm 

can re-cluster the pixels, this parameter actually prevents the algorithm to run too 

long and from getting stuck in a particular class in order to identify the unique 
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number of pixels and 7) the convergence threshold which specifies the number of 

pixels that should remain unchanged at the end of each iteration. 

In this research study, we have changed the number of iterations and convergence 

threshold by keeping all other parameters constant which resulted in 16 different 

scenarios as given in Table 7.1. 

Table 7. 1 ISODATA clustering algorithm scenarios 

No. of Scenarios Maximum Iterations Convergence Threshold 

Scenario 1 – 4 
5 25 50 75 100 

Scenario 5 – 8 
10 25 50 75 100 

Scenario 9 – 12 
15 25 50 75 100 

Scenario 13 – 16 
20 25 50 75 100 

 

The Maximum Iterations (MI) were varied from 5 to 20 with a successive increase 

of 5, whereas the Convergence Threshold (CT) ranged from 25 to 100 percent with 

a successive increase of 25%.  The other parameters were kept constant as 

mentioned in Table 7.2. 

Table 7. 2 Values of constant parameters 

Sr. No Parameter Value 

1 Minimum no. of classes 2 

2 Maximum no. of classes 5 

3 Minimum size percent 0.01 

4 Maximum standard deviation 5 
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5 Minimum distance 4 

6 Maximum merge 1 

 

7.2.5. Accuracy assessment 

The accuracy of each classified map generated from each scenario was assessed 

by using 100 random generated points all over the study area (Figure 7.2). The 

classified map was overlaid on the original satellite image and through visual 

interpretation, the total number of true classified points and a total number of 

misclassified points were calculated in terms of their percentages. The higher the 

number of percentages of truly classified points indicate the most suitable 

ISODATA clustering algorithm scenario and vice versa. 

 

Figure 7. 2 The random generated 100 points all over the study area 

7.3. Results and Discussion 

The results of Histogram Equalization processing showed that there was a 

significant enhancement in the satellite image as shown in Figure 7.3 (A) before 

and (B) after. The three spectral bands Near Infrared, Red, and Blue were 

highlighted as Red, Green, and Blue respectively. 
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Figure 7. 3 Effect of histogram equalization before (A) and after (B) on the 

satellite image 

The light red colour represents the forest area whereas the dark red patch 

represents the dense forest cover. The cyan colour represents the disturbed land 

cover in terms of built-up and gold mining activities. 

The feature space analysis also revealed that the spectral bands Blue and Near-

Infrared showed the maximum and Blue and Green showed the minimum 

variations as highlighted in Figure 7.4. This is a clear indication that for ISODATA 

cluster algorithm the number of spectral bands available in the satellite image was 

most suitable for its application. 

 



133 
 
 

Figure 7. 4 Feature space of Blue – Near-Infrared (A) and Blue – Green (B) 

spectral bands 

The ISODATA clustering results showed that the lower value of Maximum 

Iterations (MI) and higher value of Convergence Threshold (CT) yield the most 

suitable classification and hence mapping of gold mining regions. The mapped 

gold mining regions and classification results of all ISODATA clustering algorithms 

scenarios are given in Figure 7.5. As per the results the scenarios-1, 5, 9 and 13 

resulted in only two classes, hence generated a general classified map of the area 

with no identification of gold mining regions. 

 

Figure 7. 5 Results of ISODATA Cluster Algorithm based gold mining region 

along with other classes. Whereas Fir-Green colour represents the dense forest 

cover, Lepidolete Lilac (purple shades) represents the forests, Poinsettia Red 
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colour represents the infrastructure and Yucca Yellow represents the gold mining 

areas. 

In the scenarios-1, 5, 9 and 13 the MI was 5, 10, 15 and 15 respectively whereas 

the CT was the same as 25%. The lower CT value with all MI values not only 

resulted in the general classified maps but also not suitable for mapping of surface 

gold mines in the study area. Whereas the scenarios-2-3, 6-7, 10-11 and 14-15 

resulted in almost similar kind of results in the form of three classes as gold mining 

areas, dense forest cover and light vegetation. The MI for all these scenarios were 

10 and 15 whereas the CT were 50% and 75%. This means that after the 

development of clusters only 50% and 75% pixels can remain the same in each 

cluster as pure pixels with iterations from 10 to15 times. Scenarios 8 and 16 also 

resulted in three classes as gold mining areas, dense forest, and light vegetation. 

The MI for these were 20 with a CT value of 100%. 

The most suitable scenarios for mapping of surface gold mining activities along 

with other land cover classes were 4 and 12. The MI and CT for scenario-4 was 5 

and 100%, whereas for scenario-12 was 15 and 100%. In both of the scenarios the 

CT was 100% which means that after generation of clusters, the pixels were not 

allowed to shift from one cluster to another. There was a total of four classes 

including gold mining areas, dense forest, light vegetation and infrastructures 

present in the study area. Even among these two, the scenario-4 performs much 

better than 12 on the basis of accuracy assessment. The research conducted by 

Swenson et al. (2011) used the similar ISODATA clustering algorithm for mapping 

of gold mining activities in the study area and with similar parametrization. Another 

research study conducted by Sunuprapto et al. (2016) also used the same 

parameters to map the gold mining in the region. 

Several other research studies also showed that the ISODATA Clustering 

Algorithm generate better results with low to medium MI and higher CT values. The 

research studies conducted by Ding et al. (2018), Verma et al. (2017) and 

Mahboob; et al. (2015) and Sunuprapto et al. (2016) also support the findings of 

this study in terms of resulted maps based on ISODATA Clustering classification 

algorithms. 
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The accuracy of all the ISODATA Clustering Algorithm scenarios is given in graph 

Figure 7.6. As per the analysis, only 10 out of 13 scenarios was successful for the 

identification of gold mining regions. Among these 10, only 2 scenarios i.e., 

scenario-4 and 12 have identified the gold mining regions most accurately, 

particularly the former one. For other land covers like dense forest cover, other 

vegetation, and infrastructure, scenario-13, scenario-1 and scenario-12 were the 

most suitable scenarios respectively, with highest correctly classified pixels in each 

class. 

 

Figure 7. 6 Percentage of correctly classified/mapped pixels in each class for all 

the ISODATA Clustering Algorithm scenarios 

7.4. Conclusion 

Sixteen (16) different ISODATA Clustering Algorithm scenarios were designed with 

variations in Maximum Iterations (MI) and Convergence Threshold (CT) parameter 

values, in order to correctly map the surface gold mining areas. The Sentinel 

satellite data was pre-processed and enhanced using histogram equalization 

techniques and were used as the base image. Total of 100 random generated 

points was used for assessment of correctly classified pixels of each class in each 

scenario. The results showed that the lower values of MI (5) and higher values of 

CT (100%) yielded the most correctly classified surface gold mining map in 

scenario 4. The dense forest cover, other vegetation, and infrastructure present in 

the study area was also correctly classified in scenario-13, scenario-1 and 

scenario-12 respectively. 
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The variations in the MI and CT resulted in different degree of accuracy, which can 

be further enhanced by micro-tuning of other constant parameters used in this 

research. The evaluation of ISODATA Clustering Algorithms was performed in 

order to assess their capability to detect and identify gold mining activities and 

related other land covers classes in the study area. The methodology developed 

in this research is not only robust but also cost and time effectively by using satellite 

remote sensing images in order to monitor and map the surface gold mining 

activities in the regions particularly in the dense forest covered areas. 
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8. HARNESSING THE POWER OF MACHINE LEARNING 

FOR MAPPING OF IRON OXIDE MINERALIZATION USING 

SENTINEL SATELLITE SPECTRAL IMAGERY 

This chapter is based on the following publication 

Mahboob, M. A., Genc, B., & Atif, I. (2022, August). Harnessing the Power of 

Machine Learning for Mapping of Iron Oxide Mineralization using Sentinel Satellite 

Spectral Imagery. In 2022 19th International Bhurban Conference on Applied 

Sciences and Technology (IBCAST) (pp. 285-289). IEEE 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

8.1. Introduction 

Exploration of earth's natural resources through remotely sensed satellite datasets 

has been practised and verified by various research studies (Adiri et al., 2020b; 

Mahboob et al., 2019; Pendock & McKay, 2019). The ever-increasing demand for 

iron mineral makes its regional exploration more vital, particularly after the 

Brumadinho tailings dam disaster which occurred on 25 January 2019 at the 

Córrego do Feijão iron ore mine (Atif et al., 2020). However, due to time and cost 

constraints, the classical mineral exploration techniques cannot be used for vast 

area discoveries. Remote sensing satellite images can be used effectively and 

robustly for mineral explorations with iron oxides (Adiri et al., 2020b; Booysen et 

al., 2019), particularly for larger areas. Several research studies have been 

successfully applied remote sensing techniques for the mapping of iron mineral, 

e.g. Ducart et al. (2016) used Landsat-8 satellite data for mapping of iron oxide 

using multisource classification technique which proved to be an adequate 

alternative for mapping iron oxides in vegetated shrub areas of Brazil. Similarly, 

another research study conducted by Bersi et al. (2016) used the remotely sensed 

satellite data for mapping of iron ore in Algeria and concluded that remote sensing 

is very cost and time-effective technique for this purpose. 
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Recent advancements in computer vision have made the image processing 

techniques very suitable to process satellite datasets. Many researchers 

(Farahbakhsh et al., 2020; Farahbakhsh et al., 2018; Vassilas et al., 2002) have 

developed computer vision-based frameworks for mineral explorations and 

geological features mapping using the satellite datasets. However, to apply the 

computer vision-based techniques effectively, there is a requirement of high 

computational power due to processing of big datasets (Fink, 2018). This problem 

can be overcome by using Graphical Processing Units (GPU) clusters instead of 

Central Processing Units (CPU). The research study conducted by Liu et al. (2019) 

used the multilevel parallel processing for time-series quantitative assessment of 

satellite data using the GPU based clusters and concluded that using GPUs 

increases the efficiency of the models and the results. 

This research study aims to analyse three computationally intensive digital image 

processing techniques for efficient mapping of iron oxide deposits in the Northern 

Cape region of South Africa using multispectral and multi-spatial Sentinel-2 

satellite data. Three advance computer vision techniques, i.e., Spectral Band 

Combination (SBC), Spectral Band Ratio (SBR) and Spectral Angle Mapper (SAM) 

were applied to map the iron deposits in the study area. 

8.2. Materials and Method 

8.2.1. Satellite data 

In this research, the raw Sentinel-2 satellite data was acquired and pre-processed 

for further analysis. The multispectral channels of Sentinel-2 satellite are suitable 

for mapping of different environmental features on the surface of the earth, 

including several minerals like iron oxides. The multispectral channels were 

stacked in three groups resulted in three images based on spatial resolutions, as 

shown in Table 8.1. The initial pre-processing of data, i.e., histogram equalization, 

was done to enhance the images in terms of spectral properties for each spectral 

channel and the detailed methodological framework is given in Figure 8.1. 

Table 8. 1 Spectral and spatial characteristics of sentinel-2 satellite data 
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Sr. no of Image Spectral 

Resolution 

Type of 

Spectral 

channels 

Spatial 

Resolution 

Image – 1 
Four 

channels 

1 × Blue, 1 × 

Green, 1 × 

Red, 1 × NIR 

10 m 

Image – 2 
Six 

channels 

3 × 

Vegetation 

Red Edge, 1 

× Narrow 

NIR, 2 × 

SWIR i and ii 

20 m 

Image – 3 
Three 

channels 

1 × Coastal 

Aerosol, 1 × 

Water 

Vapor, 1 × 

SWIR-Cirrus 

30 m 

 

 

Figure 8. 1 Detailed methodological framework of the research study 
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8.2.2. Spectral band combination (SBC) 

The SBC is the selection of most appropriate channels and then their 

representation in Red-Green-Blue (RGB) as shown in Figure 8.2. The selection of 

most appropriate channels can be made through the optimum band index 

depending on the absorption/reflectance characteristics along with least spectral 

correlation (Ducart et al., 2016; Shirazi et al., 2018). Except for the image-1, the 

other two images with 20m and 30m resolution produced the false colour 

composites because of the absence of visible spectral channels. 

 

Figure 8. 2 The architecture of band combination technique as highlighted with 

Red, Green and Blue, Source: Montgomery (2016) 

8.2.3. Spectral band ratio (SBR) 

The SBR is another advance computer vision technique in which the pixel values 

of one channel is divided by the other channel and normalize sometimes (Crippen, 

1990). The resultant new image is usually in the greyscale ranging between -1 

(dark) to +1 (bright), as iron oxide deposits. The new greyscale images can then 

be combined as RGB and represent the enhanced identified spatial features. 

8.2.4. Spectral angle mapper (SAM) 

The SAM is an image classification technique, where the spectral profile of the 

target feature from satellite data is compared to the reference spectral profile. The 
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SAM compares the similarity between the target and references spectra by 

considering them as a vector separated by a spectral angle, as shown in Figure 

8.3. The angle (cosine ɑ) between the two vectors varies from 0 to 1, where zero 

or close to zero means, the target feature is precisely the same as the reference 

spectra feature (Girouard et al., 2004). 

 

Figure 8. 3 The architecture of spectral angle mapper where the vector spectrum 

is separated by an angle ɑ regarding the reference spectrum. Source: Yan and 

Wang (2016) 

The ɑ value can be calculated using the Equation 8.1, where, 𝑛𝐵 is the number of 

channels, 𝑡𝑖 is the reflectance of band 𝑖 of the satellite image spectrum, and 𝑟𝑖 is 

the reflectance of band 𝑖 of the reference spectrum.  

𝛼 =  cos−1
∑ 𝑡𝑖𝑟𝑖
𝑛𝐵
𝑖=1

√∑ 𝑡𝑖
2𝑛𝐵

𝑖=1  √∑ 𝑟𝑖
2𝑛𝐵

𝑖=1

 Equation 
8. 1 

8.3. Results and Discussion 

The histogram equalization enhanced the satellite image, particularly the iron ore 

deposits in the shades of dark to light purple, as shown in Figure 8.4. 
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Figure 8. 4 Effect of pre-processing of satellite image as given raw data (A) and 

processed data (B) 

The first computer vision technique, spectral band combination was applied, and 

nine combinations was generated (Table 8.2) as a set of three against each image, 

as shown in Figure 8.5 (A-I). 

Table 8. 2 Spectral band combinations as applied against red, green and blue 

Image Number Red Green Blue 

A NIR RED GREEN 

B GREEN BLUE NIR 

C RED NIR BLUE 

D NARROW NIR SWIR-1 SWIR-2 

E SWIR-1 RED EDGE NARROW NIR 

F SWIR-2 SWIR-1 RED EDGE 

G SWIR-CIRRUS COASTAL 

AEROSOL 

WATER VAPOR 

  
(A) (B) 
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H COASTAL 

AEROSOL 

WATER VAPOR SWIR-CIRRUS 

I WATER VAPOR SWIR-CIRRUS COASTAL 

AEROSOL 

 

 

Figure 8. 5 Iron oxide enriched areas highlighted because of different spectral 

band combinations 

From Figure 8.5, the results of SBC for image-1 (A-C) was not satisfactory because 

of the minimum-reflectance of iron ore in the visible and NIR portion of the 

electromagnetic spectrum (Ciampalini, Garfagnoli, Del Ventisette, et al., 2013). 

However, the results of SBC for image-2 (D-F) and image-3 (G-I) were more 

reasonable, whereas the image-2 was more significant. SWIR spectral channels 

in these two images can be the primary contributor for iron ore identification. 

Although image2 and 3 produced more enhanced results for iron ore deposits, their 

spatial resolutions were coarser than the image-1.  Similarly, several SBR was 

developed and applied on all the three images, as shown in Figure 8.6 (J-R). 

   
(A) (B) (C) 

   
(D) (E) (F) 

   
(G) (H) (I) 
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Figure 8. 6 Iron oxide enriched areas highlighted because of different spectral 

band ratios 

The three-band ratios of image-1 with low spectral and high spatial resolution 

revealed that Red/NIR (J) and NIR/Green (K) ratio images have a high potential 

for mapping of iron oxide mineralized zones. For image-2, once again the SWIR 

spectral region revealed the high potential to iron oxide mineralization as only one 

band ratio SWIR-1/SWIR-2 (N) highlight the iron deposits as bright tones. In image-

3 band ratios, only one ratio image containing the SWIR band (R) highlight the iron 

deposits. 

For spectral angle mapper, the reference spectral library used for SAM analysis 

was acquired from global mineral spectral profiles (Rossel et al., 2016). Figure 8.7 

showed hematite and goethite spectral profiles related to iron oxide along with the 

spectral profile of Sentinel-2 satellite data. 

   
(J) (K) (L) 

   
(M) (N) (O) 

   
(P) (Q) (R) 
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Figure 8. 7 Spectral reflectance of laboratory and satellite data from visible to 

shortwave infrared wavelengths (Source: USGS Spectral Library) 

The maximum similarity index between the reference and satellite spectra were 

0.15 and based on this similarity index; the potential iron ore deposits were mapped 

from Sentinel-2 satellite data and shown in electron gold colour in Figure 8.8. 

 

Figure 8. 8 Iron oxide mineral enriched areas mapped through spectral angle 

mapper 
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The high spatial resolution 10m spectral channels of Sentinel-2 satellite was not 

proved as significant for iron oxide deposit mapping in any of computer vision 

techniques as compared to those with 20m and 30m resolution. This can be due 

to the absence of SWIR spectral channel in image-1, which is one of the crucial 

spectral band for iron mineral identification (Soe et al., 2005). In SBC technique, 

the spectral combinations result in Figure 8.5 E, G and I were the most appropriate 

for iron ore deposits generated from image-2 and image-3 with the presence of 

SWIR spectral channel. For SBR image processing technique, the iron ore 

deposits were highlighted as brighter pixel values in Figure 8.6 (J and N) with 

values greater than 0.71. Overall, the performance of SAM proved more promising 

for identification and mapping of iron ore deposits present in the study area with 

an overall accuracy of 81.62%. However, the spectral information of Sentinel-2 

satellite was not sufficient as compare to reference global mineral spectra profiles, 

because of the presence of a smaller number of spectral channels. The studies 

conducted by Ciampalini, Garfagnoli, Del Ventisette, et al. (2013) and Shirazi et al. 

(2018) also concluded that SAM is the efficient and robust image processing 

technique in computer vision which can be used for mapping of iron mineral as 

compare to the other techniques. The parallel processing of datasets with graphical 

processing units helps to accelerate the process and results were generated in all 

computer vision techniques. 

8.4. Conclusion 

The three advanced computer vision techniques (SBC, SBR, and SAM) were 

applied on Sentinel-2 satellite data. Overall, SAM performed more efficient in terms 

of accurately mapping of iron ore deposit as compare to others. The SWIR spectral 

band is the most important for iron mineral prospectively zonation besides other 

spectral channels. The cost-effective methodology described in this research can 

be applied in other regions with the same geographical and geological 

characteristics to explore iron mineral resources. 

 



147 
 
 

9. PREDICTIVE MODELLING OF MINERAL PROSPECTIVITY 

USING SATELLITE REMOTE SENSING AND MACHINE 

LEARNING ALGORITHMS 

This chapter is based on the following publication 

Mahboob, M. A., Celik, T., & Genc, B. (2023). Predictive Modelling of Mineral 

Prospectivity Using Satellite Remote Sensing and Machine Learning Algorithms. 

Mining, (under review). 

The author of this thesis conceptualized the work, performed the experimental 

measurements, analysed the data and wrote majority of the paper. 

9.1. Introduction 

Mineral prospectivity mapping or modelling (MPM) is a technique for identifying 

and ranking areas which are likely to contain undiscovered mineral deposits of a 

particular type. This is accomplished by establishing a correlation between 

geological features (input variables) and the presence of the target mineral 

deposits (output variables) (Yin & Li, 2022). This technique typically involves these 

steps: (i) obtaining geospatial information from various geoscience data sources; 

(ii) determining exploration criteria that effectively depict processes essential for 

the formation of the desired deposit type; (iii) creating predictor maps from spatial 

datasets based on the chosen exploration criteria; and (iv) combining predictor 

maps to generate a predictive model for locating exploration targets in unexplored 

regions (Zuo, 2020). Geospatial information is often gathered through field 

surveys, which are not only costly but also time intensive. Another important issue 

is the lack of access to unreachable locations and limited field samples. Satellite 

remote sensing, on the other hand, has proved its effectiveness and importance in 

identifying mineral deposits and associations by detecting spectral anomalies 

(Benaissi et al., 2022; Fu et al., 2023; Mahboob et al., 2019; Rajan Girija & 

Mayappan, 2019; Rajesh, 2004; Shirmard et al., 2022). Satellite remote sensing is 

a powerful technology for geologists and other mining professionals to identify 

hydrothermally altered rocks, structures, lineaments, lithological units, vegetation, 

and other valuable data. Generally, the MPM models can be distinguished based 
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on the approach taken to assign evidential weights: (i) knowledge-driven models 

that use an expert-based approach to assign weights to the evidential maps, and 

(ii) data-driven models which use the spatial relationship between the evidential 

maps and known mineral deposits to calculate the weights empirically (Carranza, 

2008). Over the last few decades, various data-driven modelling approaches have 

enabled progress in the field of MPM. Weights of evidence and logistic regression 

are two probabilistic methods that have become widely used due to their easy to 

understand and interpretation approach. Additionally, in the past few years, ML 

algorithms, developed mainly by computer experts for solving multi-field and multi-

dimensional problems of classification and pattern recognition, have been seen as 

promising tools for creating predictive mineral prospectivity modelling and mapping 

(Jung & Choi, 2021; Köhler et al., 2021; Mahboob et al., 2022; Rodriguez-Galiano 

et al., 2015; Shirmard et al., 2022; Sun et al., 2020). ML algorithms such as SVM 

and RF have demonstrated superior predictive performance when compared to 

traditional statistical techniques or empirical models, especially when dealing with 

complexly distributed input features and nonlinear mineralization associations 

(Geranian et al., 2016; Santos et al., 2022; Sothe et al., 2020). Recently, deep 

learning, a powerful branch of ML, has been widely successful across many 

scientific domains. By learning hierarchical representations of input data, deep 

learning can recognize complex patterns and accurately classify them. Several 

geoscience applications, such as land subsidence susceptibility mapping, 

geochemical mapping, meteorological modelling, and environmental degradation 

modelling have been using these advantageous algorithms (Mahboob et al., 2022). 

The research conducted by Xiong and Zuo (2020) applied the combination of SVM 

and deep learning models for accurate mineral exploration using geochemical field 

data. Another research conducted by Kong et al. (2022) applied Student Teacher 

Ore-induced Anomaly Detection (STOAD) deep learning model for mineral 

predictions mapping. The study concluded that the model performed exceptionally 

well and accurately predicted the location of target deposits. The research 

conducted by da Silva et al. (2022) showed the benefits of applying machine 

learning model RF on the drillhole data for accurate gold predictions in unexplored 

regions. 

However, deep learning has been rarely implemented in the domain of MPM. 

Numerous algorithms have been proposed for MPM, but none of them is superior 



149 
 
 

in all situations. Thus, a comparative analysis of multiple predictive algorithms is 

also necessary for an effective data-driven MPM. 

The North Waziristan district, part of the Khyber Pakhtunkhwa province of 

Pakistan, was selected as a case study area for the ML based data-driven MPM. 

The region, which once comprised the Federally Administrated Tribal Areas 

(FATA), is a mountainous territory bordered with Afghanistan and located south 

and west of Islamabad, Pakistan. It is well-known for its natural resources and 

minerals, specifically its abundant Cu deposits (Mehsud, 2012). Since 2001, the 

region has been facing a severe law and order situation mainly due to geopolitical 

instability (Spychała-Kij, 2020). In recent years the country's geological survey 

department undertook geological mapping along with historical records, and it was 

discovered that huge amounts of Cu are located at Shinkai and Degan in North 

Waziristan. Estimates of these Cu ore-reserves are 122.71 million tons with a Cu 

content ranging from 0.3865% to a maximum of 2% (Khan, 2000). However, due 

to the poor law and order situation in the region, there were very limited efforts 

made to fully explore and extract the mineral resources. A comprehensive and 

reliable map of potential mineralization in the area is still needed to help the 

government achieve their exploration goals through drilling. 

9.2. Materials and Methods 

9.2.1. Study Area 

The study area for this research is in the Miran Shah tehsil of North Waziristan 

region of Pakistan and near the Afghanistan border (38 km), as shown in Figure 

9.1. The region was previously known as the FATA of Pakistan and in May 2018 it 

has become part of the Khyber Pakhtunkhwa Province of Pakistan. In the past 

limited research or field surveys were conducted in the Miran Shah due to 

geopolitical instability in the region(Khan et al., 2022). Due to these geopolitical 

challenges, there is very limited information available on the geographical, 

geological, and economical aspects of features located in the region. After military 

operations, the government rebuilt the region and provided economic means to the 

people of Waziristan. 
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Figure 9.1 The map of the study area 

The area is enriched with several precious metals and minerals due to the 

geological conditions, but the details of these mineralization were unknown. In 

2015, the geological filed visits were conducted to map the geology of the study 

area. The region is part of the larger geological framework of the Indian Plate's 

collision with the Eurasian Plate, which has resulted in a complicated tectonic 

history and a wide range of rock formations. The geology of Miran Shah comprises 

mainly complex ophiolite igneous rocks which are intensely folded, faulted, 

fractured and brecciated in places (Figure 9.2). The ophiolite present in the study 

area is the part of the disjointed Tethyan ophiolites which is formed as back-arc 

basin and differs from mid-ocean ridges settings. The belt of the igneous rocks 

present in the study area extends south-west to north-east and is mainly composed 

of ultramafic, harzburgite, pyroxenites, quartz-diorites, micro-quartz diorites, 

granodiorites, dolerites and gabbros (Sothe et al., 2020). The Sulaiman Fold Belt 

is distinguished by substantial folding and thrusting of sedimentary strata. The 

deformation zone where the Indian Plate collided with and was forced over the 
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Eurasian Plate is represented by this belt. The volcanic fine-grained porphyritic 

pillow basalts and andesites with secondary breccias and agglomerates are also 

present. The variety of sedimentary rocks that can be found, mainly consists of 

Jurassic to Eocene shallow marine continental and unfolded types. Sandstone, 

shale, limestone, and conglomerate are examples of these rocks. North Waziristan 

contains sedimentary sequences such as the Datta Formation, Lockhart 

Limestone, Lumshiwal Formation, and Tochi Formation. In addition to sedimentary 

rocks, the area has metamorphic rocks formed by tectonic activity's strong 

pressure and heat. Phyllite, schist, and gneiss are examples of metamorphic rocks. 

Some of the widely distributed sedimentary rocks are quite favourable for hosting 

economic Cu orebodies in the region and the most prominent outcropping 

structures are the North-South trending geological folds (Khan et al., 2007). Large 

porphyry intrusions formed in the early Cenozoic (Eocene-Oligocene) zones as a 

result of the convergence of the Waziristan Thrust and the subsequent subduction 

due to geotectonic settings. Significant porphyry copper and associated 

hydrothermal mineral deposits are found within these porphyry intrusions. The 

study area experienced mineralization processes during the Jurassic to Tertiary 

phases of magmatism, resulting in the formation of diverse porphyry Cu and Cu-

Au deposits, low and high sulfidation epithermal Au deposits, and Cu-Pb-Zn vein-

type deposits. The porphyry copper occurrences show hydrothermal alteration, 

which comprises of various regions including the potassium silicate alteration zone 

(K-zone), the propylitic alteration zones, as well as irregular Argillic and regular 

Phyllic alteration zones (Malkani et al., 2017). 
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The faults and folds in this area can be grouped as North-South and North-West 

trending basement faults, and North-East trending cap rock faults and folds.

 

Figure 9.2 Simplified Geological map of the study area along with lithological and 

structural features 

9.2.2. Support Vector Machine (SVM) 

The SVM is a powerful ML model used to solve the classification problems. The 

SVM was initially introduced by Cortes and Vapnik (1995), and because of its great 

predictive capability, adaptability, and robustness, it has been proven useful for 

identifying hidden patterns in data (Lim et al., 2002). Several researchers have 

applied SVM in geosciences, e.g., for land cover classification (Xu et al., 2019a), 

Geological 3D modelling using limited data from a variety of sources (Smirnoff et 

al., 2008), porosity prediction in a heterogeneous reservoir (Al-Anazi & Gates, 

2010), consistency analysis of geophysical datasets (Turlapaty et al., 2010) and 

for mineral exploration and prospectivity mapping (Abedi et al., 2012). In the SVM 

algorithm, all data is expressed as points in an n-dimensional space, where n is 

the total number of attributes in the data. The aim is to identify the hyperplane that 
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clearly differentiates the two feature groups by classifying the n-dimensional space, 

while maximizing the margin between classes. 

 For a given dataset of training which can be separated linearly, SVM categorizes 

the data ɑ in the input space S into a high dimension space 𝐷—α ∈  ℝ𝑆 ↦  Ψ(α)  ∈

 ℝ𝐷 with a kernel function Ψ(α) to search for a separating hyperplane. SVM was 

originally established for binary classification problems, but later on it has been 

applied to multiclass problems. In multiclass, SVM starts with a single class and 

separates from the remaining classes one at a time. Each SVM is trained to 

differentiate all occurrences of a single class from the occurrences of all other 

classes. In testing, the class label y of a class pattern x is given by equation 9.1: 

Where 𝑑𝑚 (𝑥)=𝑚𝑎𝑥 {𝑑𝑐 (𝑥)}𝑐=1
𝑁ℎ  , 𝑑𝑐 (𝑥) is the distance from 𝑥 to the hyperplane 

corresponding to the class 𝑐, range from 1 to 𝑁ℎ and 𝑡ℎ is the classification 

threshold. The two main parameters that should be considered for the optimization 

of SVM results are regularization and gamma (Namdeo & Singh, 2021). The 

regularization usually denoted by C is the factor that decides the SVM optimization 

regarding the avoiding of misclassification in a class. The higher value of C will 

cause the optimizer to select a hyperplane with a small margin and higher 

misclassification, whereas a low value of C will result in a high-margin hyperplane 

with low misclassification. The gamma factor decides the influence of single class 

values on the selection of hyperplane (Tuba et al., 2017). Usually, the low gamma 

caused the data points far away from possible hyperplane are considered, whereas 

the high gamma means the points close to the possible hyperplane line are 

considered in the calculation. 

9.2.3. Convolutional Neural Network (CNN) 

A CNN is a form of deep learning neural network comprising of an input layer, one 

or multiple convolutional layers, pooling layers, fully connected layers, and an 

output layer. Input data,𝑋 =  (𝑥1, 𝑥2, . . . , 𝑥𝑛), is fed into a convolutional layer, which 

applies a randomly initialized filter (or kernel) to execute a convolution operation. 

𝑦 =  {
𝑚,   𝑖𝑓 𝑑𝑚 (𝑥) + 𝑡ℎ  >  0

0,   𝑖𝑓 𝑑𝑚 (𝑥) + 𝑡ℎ  ≤  0
  Equation 9.1 
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Figure 9.3 demonstrates a general convolution, where a filter is slid across the 

input data, calculating the dot products between the filter and the input, which 

results in a new feature dataset (a feature map). 

 

Figure 9.3 General simplified architecture of convolutional neural network 

(conceptualized from source Robinson ). 

Applying different ∑ 𝑖 representing kernels yields multiple convolutional outputs, 

resulting in a set of feature maps that represent the input vectors in a hierarchy as 

shown by equation 9.2 derived by Imamverdiyev and Sukhostat (2019). 

Whereas 𝐶𝑖 represents the ith convulational output with 𝑐1, 𝑐2, … , 𝑐𝑛 as this 

elements. 𝑋 is the input data and 𝑘 is a scaling factor applied to the convolution 

operation. Using the activation function 𝑘, nonlinear amplification of convolutional 

results is achieved (Ghorbanzadeh et al., 2019). The most widely used activation 

function in CNNs is the Rectified Linear Unit (ReLU), expressed as equation 9.3. 

𝑘(𝑥) = max(0, 𝑥) Equation 9.3 

A pooling layer receives the outputs of one or more convolutional layers. Pooling 

is a filter-based technique for obtaining the maximum (max-pooling) or average 

(average-pooling) value from feature maps. This research uses max-pooling to 

downsample the data and reduce network dimensions, hence limiting overfitting 

𝐶𝑖 = (𝑐1, 𝑐2, … , 𝑐𝑛) = 𝑘(𝑋 · Σ𝑖) 

 

Equation 9.2 
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and lowering computing costs. Features are extracted after the convolutional and 

pooling layers have processed the input data. Ultimately, the output of the fully 

connected layers is transmitted to the final layer, which employs a softmax 

activation function to compute the probability of each class according to the formula 

given in equation 9.4 (Adem, 2022). 

𝑃(𝑙 = 𝑚|𝑥) =
exp(𝑤𝑚𝑥 + 𝑏𝑚)

∑ exp(𝑤𝑖𝑥 + 𝑏𝑖)
2

𝑖=1

 Equation 9.4 

The predicted class 𝑙 is determined by the weights and bias terms 𝑤 and 𝑏, 

respectively. The 𝑚 represents the class lables and 𝑥 is the input data. The input 

data of ML in MPM can be considered as an image, with each pixel representing a 

measurement of a certain attribute. Consequently, each grid cell is represented by 

a column vector whose length is equal to the number of features discernible, as a 

result, CNN with one-dimensional data representation was also used in this 

research (Krupski et al., 2021). The final layers of a CNN are fully connected layers 

that can transform feature maps into a column vector and classify them into 

categories or use them as a feature vector for further processing. 

9.2.4. Random Forest (RF) 

Breiman (2001) developed RF ML algorithm which makes repeated predictions of 

a single phenomenon by combining multiple decision trees. Typically, the RF 

generates a huge number of decision trees that are made up of several subsets of 

the original training dataset based on the bootstrap aggregating (or bagging) 

sampling method (Wang et al., 2016). After that, the selection and implementation 

of evidential layers will usually be done at each node of the tree to diversify and 

keep the forest growing. In this research, the root node was divided into several 

leaf nodes in each decision tree and finds the best one which contributes to the 

most accurate of the resultant trees. Several parameters can be considered in RF 

to measure the accuracy of the resultant trees, the most common ones are Gini 

index (𝐼𝐺), gain ratio and Chi-square (Wijaya et al., 2022). In this research, the 

𝐼𝐺  was applied to calculate the purity of the leaf nodes compared to their root nodes 

as per the following equation 9.5. 
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𝐼𝐺𝑓 =  ∑𝑓𝑖  ( 1 − 𝑓𝑖)

𝑛

𝑖=1

 Equation 9.5 

Where 𝑓𝑖 can be described as the probability of class 𝑖 at node 𝑛, and can be 

calculated as equation 9.6: 

𝑓𝑖 = 
𝑚𝑗

𝑚
 Equation 9.6 

Where the 𝑚𝑗 is the number of samples related to class 𝑗, and 𝑚 is the number of 

total samples present in a particular node. 

9.2.5. Predictor Maps 

The predictor maps were developed from the spatial data collected through the 

field survey, published reports, maps and remotely sensed satellite imagery. A total 

of nine predictor maps were developed as the input datasets to ML models. The 

details are given in Table 9.1. 

Table 9.1 The evidential features applied in the research for the mineral 

prospectivity mapping 

Serial. 

No 
Evidential features Description 

1 Geological Map Delineation of suitable lithological contacts 

2 
Geological 

Lineaments 
Proximity to faults and folds 

3 Intrusive Contacts 
Proximity to inferred intrusive contacts identified 

based on the resistivity anomalies 
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4 Iron-oxide Alteration 
Proximity to iron-oxide anomalies delineated from 

Sentinal-2 Satellite data 

5 Argillic Alteration 
Proximity to argillic anomalies delineated from 

Sentinal-2 Satellite data 

6 Phyllic Alteration 
Proximity to phyllic anomalies delineated from 

Sentinal-2 Satellite data 

7 Propylitic Alteration 
Proximity to propylitic anomalies delineated from 

Sentinal-2 Satellite data 

8 
Topographic 

Elevation 

Surface height of the deposits from the mean sea 

level extracted from space based digital elevation 

model 

9 Topographic Slope 

Steepness of deposits relative to the horizontal 

plane delineated through space based digital 

elevation model 

An understanding of complex mineral systems was used for the generation of 

predictive maps based on publicly available datasets of geologic features and 

satellite-derived hydrothermal alteration. These datasets are used as spatial 

approximations to represent the source, transport, sink, and depositional 

processes essential to Cu ore formation. The geology of the area (1:2,000,000 and 

1:2,040,000 geological maps collected by the Geological Survey of Pakistan), is 

used to study various geological features such as structural zones, bedrock faults, 

lineaments formation and blanket fault intersections as shown in Figure 9.2. 

A multizone buffer analysis was performed to obtain numerical representations of 

the proximity of known Cu deposits to intrusive contacts (Figure 9.4). 



158 
 
 

 

Figure 9.4 Spatial proximity map of Cu mineralization to intrusive contacts 

Figure 9.5 shows a fault density map that was produced to highlight the wide 

dispersion of caprock faults, North-South trending faults and lineaments 

intersections. 

 

Figure 9.5 Spatial proximity map of Cu mineralization to geological faults and 

folds 
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In addition to field geological data, remote sensing satellite imagery from Landsat-

8 (acquired in October 2019) and Sentinel-2 (acquired in October 2019) were 

utilized to identify and map hydrothermal alteration zones (Sekandari et al., 2020; 

Tompolidi et al., 2020; Van der Werff & Van der Meer, 2016) and lithological 

components related to Cu mineralization in Waziristan, on regional, local, and 

district scales. The ASTER satellite has become known as a prominent tool in the 

field of satellite remote sensing for mineral exploration, particularly in the domain 

of hydrothermal mineral mapping and exploitation. However, the SWIR sensors on 

ASTER had been dysfunctional since 2008 due to a fault in the cryocooler 

(Shimoda & Kimura, 2017). This particular situation has necessitated the 

emergence of alternate remote sensing data sources for mineral exploration, which 

are Landsat and Sentinel satellite series. The technical characteristics of the 

Landsat-8 and Sentinel-2 sensors are shown in Table 9.2. Both the Landsat-8 and 

Sentinel-2 satellites have prospective applications and benefits for mineral 

exploration research (Blandine et al., 2023; Chen et al., 2022; Mahboob et al., 

2019). This relates mostly to their good multispectral imaging capabilities, 

sensitivity to many minerals, including copper minerals, reasonably high spatial 

resolution, worldwide coverage, and open data policy. They provide essential data 

for the detection and mapping of various mineral resources, including copper. 

Specific sections of the electromagnetic spectrum, such as (0.64 to 0.68 μm), are 

sensitive to the reflectance characteristics of iron oxide minerals including hematite 

or goethite, which have a strong association with copper presence. The near 

infrared band (0.84 – 0.881 μm)  can also be used to differentiate between different 

rock types associated with copper deposits. Because of their mineralogical 

compositions, copper-bearing rocks frequently show distinct spectral signatures in 

the NIR region. Minerals that contain copper, such as bornite or chalcopyrite, 

indicate unique absorption characteristics within the short-wave infrared (SWIR), 

which covers about 1.57 to 2.323 μm range. By analysing the reflectance values 

within a specific range of the electromagnetic spectrum, geologists are able to 

identify regions exhibiting increased absorption, which serves as an indicator of 

the existence of copper minerals (van Leeuwen, 2009). 
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Table 9.2 Spectral and spatial characteristics of Landsat-8 and Sentinel-2 

satellite imagery 

LANDSAT – 8 

Operational Land Imager (OLI) 

and the Thermal Infrared Sensor 

(TIRS) 

SENTINEL-2 

Multispectral Instrument (MSI) 

Band 

No 

Band 

Name 

Spectra

l Range 

(μm) 

Spatial 

Resolut

ion 

Band 

No 

Band 

Name 

Spectra

l Range 

(μm) 

Spatial 

Resolutio

n 

B1 Coastal 

aerosol 

0.43-

0.45 

30 B1 Coastal 

aerosol 

0.433-

0.453 

60 

B2 Blue 0.45-

0.51 

30 B2 Blue 0.458-

0.523 

10 

B3 Green 0.53-

0.59 

30 B3 Green 0.543-

0.578 

10 

B4 Red 0.64-

0.67 

30 B4 Red 0.650-

0.680 

10 

    B5 Vegetati

on red 

edge 

0.698-

0.713 

20 

    B6 Vegetati

on red 

edge 

0.733-

0.748 

20 

    B7 Vegetati

on red 
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This is because remote sensing data has been widely and efficiently used for 

mineral exploration (Adiri et al., 2020a; Benaissi et al., 2022; Mahboob et al., 2019; 

Rajan Girija & Mayappan, 2019; Soydan et al., 2021). Analysing satellite data to 
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15     
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100     
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determine the geographical locations of hydrothermally altered rocks can help 

identify the main outflow zones of hydrothermal systems, potentially leading to the 

discovery of mineral deposits. Although Cu or any other metallic mineralization can 

be rarely identified directly through any existing remote sensing techniques, certain 

minerals such as iron oxides and clays detected through their spectral signatures 

in the visible and near/shortwave/thermal infrared portion of the electromagnetic 

spectrum can be used to indicate the presence of hydrothermal alteration zones, 

which are associated with Cu occurrence (Atwizukye, 2022; Pour & Hashim, 2012). 

The Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) technique, 

together with the sub-arctic summer (SAS) and Maritime aerosol models, were 

used to eliminate atmospheric attenuation interference on satellite data, converting 

it from sensor radiance to surface reflectance using PCI Geomatics code. No 

atmospheric adjustment was applied on Landsat-8 TIR data and hence used with 

the original brightness values. Following that, the pre- and post-processing results 

of Landsat-8 and Sentinel-2 satellite imagery were compared as shown in Figure 

9.6. 

 

Figure 9.6 Digital image processing of satellite imagery (a) raw Landsat-8 image; 

(b) pre-processed Landsat-8 image; (c) raw Sentinel-2 image; (d) pre-processed 

Sentinel-2 image. The illustration is for False Colour Composite (FCC) 

highlighting Band 3 as Red, Band 4 as Green and Band 2 as Blue. 
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The VNIR (Visible Near Infrared) and SWIR (Short wave infrared) spectral regions 

have already been highlighted in terms of their importance and high potential for 

mapping alteration materials in considerable detail by several researchers 

(Atwizukye, 2022; Benaissi et al., 2022; Mahboob et al., 2019; Pour & Hashim, 

2012; Rajan Girija & Mayappan, 2019). In the VNIR wavelength range, the 

Sentinel-2 data includes nine bands, while the Landsat-8 data has four bands. 

However, in the SWIR wavelength range, both data sets have two bands. As a 

result, Sentinel-2 and Landsat-8 multispectral data have the potential to effectively 

map various hydrothermally altered minerals. 

Several hydrothermal mineral alterations associated with Cu mineralization such 

as Iron-oxide alteration (Bauer et al., 2022), Argillic alteration (Nasab & Agah, 

2023), Phyllic alteration (Soloviev et al., 2019) and Propylitic alteration (H.-h. Yang 

et al., 2022) was mapped using the band rationing, principal component analysis 

and Intensity- Hue-Saturation (IHS) transformation from remotely sensed satellite 

data. 

The terrain can also influence the spatial distribution of mineralization, which can 

be considered as an indirect sign of the subsurface geology (Carranza, 2009; 

Keykhay-Hosseinpoor et al., 2020). The study area is characterized by a rugged 

mountainous landscape, where the spatial attributes and land cover are 

significantly influenced by topographic variables such as surface elevation and 

slope. The guidelines developed by Grunsky (1996) for mineral exploration also 

included the topographic elevation as an important parameter for effective mineral 

exploration and included in the list of must require datasets. Thus, topographic 

factors such as surface elevation and slope are taken into consideration when 

studying the spatial distribution of Cu mineralization in the study area as shown in 

Figures 9.7 and 9.8 respectively. The topographic predictor maps were derived 

and processed from the Space Shuttle Radar Topography Mission (SRTM) based 

1-arc second Digital Elevation Model (DEM) with a spatial resolution of about 30 

meters as it has been used in several research studies. 



164 
 
 

 

Figure 9.7 The topographic elevation of the study area emphasises the 

predominantly difficult mountainous environment 

 

Figure 9.8 The topographic slope of the study area, highlighting the western high 

slopes 
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9.2.6. Target variable 

During training and testing, the occurrence of mineral deposits is represented as a 

binary variable, with a value of 1 if the deposit exists and 0 if it does not. The 22 

known Cu deposits were used as positive samples for the presence of 

mineralization. The following criteria were used to select sample locations for non-

deposit occurrences; first to ensure adequate training data and an equitable 

balance of positive and negative samples, the quantity of non-deposit and deposit 

samples must be equal. This will allow for an accurate assessment of the ML 

algorithms' prediction capability. Second, non-deposit locations should be far away 

from any known deposits, since those near to known deposits may exhibit similar 

characteristics to those of the Cu mineralization and thus have a high chance of 

new deposit discoveries. Point pattern analysis was applied to assess the 

adequacy of the distance between deposit locations. The distances between each 

deposit as well as its closest adjacent deposit were computed, and the findings 

were statistically assessed and shown in Figure 9.9. It is evident that all the 

deposits are within 8247m of each other, indicating a 100% likelihood of another 

deposit being present within that range for any given deposit. As deposits are 

unlikely to be found beyond 8247 meters, a buffer distance of 5200 meters, with 

an 80% chance of finding deposits near any identified deposit, was established. 

 

Figure 9.9 Point pattern analysis indicating the likelihood of discovering another 

Cu deposit relative to known Cu deposits 
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The non-deposit samples must be chosen outside of known deposit areas. 

Favourable regions within a 3500 m radius of intrusive rocks were identified 

through the distance distribution analysis conducted in the area. Several buffer 

intrusions appear to coincide with delineated areas of known deposit sites, 

indicating areas of extensive Cu mineralization for further exploration. The other 

buffered zones of intrusions outside of known deposits may provide favourable 

indicators in underexplored locations. Hence, the locations of non-deposit should 

not only be selected outside of any buffer zone, but also distant from known deposit 

areas. Non-deposit locations should be randomly dispersed, as opposed to mineral 

deposits, which are the outcome of rare events and non-random mineralization 

processes that tend to cluster spatially. As target samples, 22 non-deposit 

locations were chosen at random using the criteria in Figure 9.10. 

 

Figure 9.10 Point pattern analysis indicating the likelihood of discovering another 

Cu deposit relative to known Cu deposits 

9.2.7. Input dataset 

Maps of evidentiary features need to be converted into raster data with numerical 

values representing the evidence in each cell before applying prospectivity 

modelling. A methodology proposed by Carranza and Laborte (2015) was used to 

objectively select the cell size. According to the point pattern analysis, the shortest 
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distance between two deposits is 900 m, indicating that using a cell size larger than 

900 m will likely involve multiple deposits. Thus, a suitable cell size should be within 

the range of 900 m, as the upper limit. The minimum cell size can be determined 

based on the map scale of the spatial information. The best readable spatial 

resolution (𝑆𝑅) can be calculated through equation 9.7. 

𝑆𝑅 = 𝑀𝑆 × 0.00025 Equation 9.7 

The MS (scale of the map) determines the minimum cell size, which is 250 m. 

Finally, the raster maps were generated with 40,500 pixels, by using a cell size of 

400 m within the appropriate size range. Notably, the original geographic data was 

collected using separate surveys at a lower scale, yielding in raster images that 

may not provide a single sample per cell. The spatial interpolation methods of 

Inverse Distance Weighted were utilized in the rasterizing processes, which 

influenced the accuracy of feature delineation. In most Geographical Information 

Systems (GIS) based mineral prospectivity modelling applications, the predictor 

maps were combined into a single grid data instead of being used directly as an 

input for creating prospectivity models (Rodriguez-Galiano et al., 2015; Zuo et al., 

2021). The nine predictor maps were integrated into a single integral map, along 

with an associated feature dataset, using the digital overlay approach in GIS. This 

database contains 40,500 records, each containing a nine-dimensional input 

vector for training. After the training processes were done, the results were 

assigned to a new field in the same table. 

From the 40,500 cells, 44 cells having occurrence sites (deposit and non-deposit) 

were extracted to create a labelled dataset. While 66% of the extracted data was 

utilized for training the CNN, RF, and SVM models, 34% was retained as a test 

dataset to evaluate the accuracy of these models. 

9.2.8. Model training 

Choosing the right criteria to train a model is a critical aspect of predictive 

modelling, necessary to ensure reliable predictions. Nonetheless, it can be 

challenging to determine the best configuration for achieving the desired accuracy, 

as there is no defined method for determining the appropriate parameters for every 
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given case. This study uses a 10-fold cross-validation technique to assess the 

predictions made by different combinations of parameters. While empirical terms 

are helpful, finding the ideal arrangement requires a very subjective trial-and-error 

approach (Sun et al., 2020). The input training dataset is divided into ten equal-

sized parts, one of which is selected as the validation dataset and the other nine 

are selected as the training dataset. This step was repeated ten times to ensure 

that all subsets were only used once as the validation data set (Raschka, 2018). 

The mean squared error was used to assess cross-validation results, which can 

be expressed as equation 9.8. 

𝑀𝑆𝐸 = 
1

𝐷𝑁
∑(𝑃̂𝑖 − 𝑃𝑖)

2

𝐷𝑁

𝑖=1

 

Equation 9.8 

For a validation dataset containing 𝐷𝑁 data points, 𝑃̂𝑖 represents the predicted 

class value (deposit as 1, non-deposit as 0) and 𝑃𝑖 is the actual class value of each 

target data. The optimal configuration was established by identifying the model with 

the least Mean Squared Error (MSE). Table 9.3 lists the parameters of each ML 

model, their characteristics, as well as the recommended range of parameter 

values indicated by different authors (Adem, 2022; Ghorbanzadeh et al., 2019; 

Imamverdiyev & Sukhostat, 2019; Sothe et al., 2020) for CNN; (Imran et al., 2022; 

Sothe et al., 2020; Tuba et al., 2017; Xu et al., 2019b) for SVM and (Agrawal et al., 

2022; Carranza & Laborte, 2015; Yin & Li, 2022) for RF. 

Table 9.3 Training parameters for machine learning models 

Model Parameters Description Reference Range 

RF 

Number of trees 
Number of trees in a 

random forest 
10–500 

Number of 

features 

Number of features utilized 

to construct each tree  
1–8 

Maximum depth 
Maximum number of 

iterations to split 
2-20 

Minimum leaf size 
Minimum sample size in 

each leaf node 
1-20 
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SVM 

Gamma 

RBF width parameter 

determining the affecting 

range of each support 

vector 

0.1–1 

Cost 
Penalty for incorrect 

classification 
0.1–50 

CNN 

Number of feature 

maps 

Convolutional filters 

utilized to create new 

feature maps 

8–64 

Number of 

neurons  

The total neurons present 

in the connected layer  
8–64 

Information Gain (IG) was utilized to evaluate the impact of input features on the 

trained model (N. Yang et al., 2022). The formula in equation 9.9 can compute the 

value of IG for a feature 𝐸𝑓 associated with output class 𝐶 (deposit or non-deposit). 

𝐼𝐺 (𝐶, 𝐸𝑓) = 𝐻(𝐶) − 𝐻(𝐶|𝐸𝑓) Equation 9.9 

Where 𝐻(𝐶) denote the entropy value of 𝐶, and 𝐻(𝐶|𝐸𝑓) be the entropy value of 𝐶 

when evidentiary features 𝐸𝑓 have been assigned values. 

9.2.9. Model evaluation 

To evaluate the ML model's efficacy thoroughly, the research employed a 

confusion matrix, predictive accuracy metrics, a ROC curve, and a success-rate 

curve. The confusion matrix can effectively summarize the predictions of the 

model. It shows four outcomes of classification, i.e., TP (true positive; deposit 

sample identified correctly as a deposit), FN (false negative; deposit sample 

misclassified as a non-deposit), FP (false positive; non-deposit sample incorrectly 

classified as a deposit) and TN (true negative; non-deposit sample accurately 

identified as such) (Sun et al., 2019). The confusion matrix was used to measure 

the predictive performance of all the models using a range of statistical indices. 

These indices were formulated as given in equation 9.10 (Beguería, 2006; Maria 

Navin & Pankaja, 2016). 
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𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑣𝑎𝑙𝑢𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑣𝑎𝑙𝑢𝑒 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Equation 9.10 

The effectiveness of ML models can be assessed through ROC and success-rate 

curves. A ROC curve depicts how a binary classification system performs when 

the discrimination threshold is changed. It illustrates how well the system can 

distinguish between two classes. The curve is produced by plotting the sensitivity 

(TPR) on the y-axis and the false positive rate (FPR, 1-specificity) on the x-axis 

with various thresholds. The threshold establishes the criterion for distinguishing 

the predictive outcomes. Cells with values higher or less than the limit were labelled 

as "deposit" or "non-deposit" respectively. A set of data points (TPR, FPR) were 

collected by varying the threshold in order to generate the ROC curve. In general, 

the closer the ROC curve is to the upper left corner, the better the model's 

performance will be. The Area Under the Curve (AUC) was used to quantify the 

performance of various predictive models. This metric ranges from 0 to 1, with a 

score of 1 indicating a perfect accuracy, i.e., a sensitivity of 1 and a specificity of 0 

whereas a value of 0.5 would signify a completely random model. The success 

rate curve is derived by comparing the percentage of deposits in the target area 

with the total number of deposits at different thresholds.9 

9.3. Results and Discussion 

9.3.1. Satellite Derived Hydrothermal Alterations 

The hydrothermal alterations associated with the potential identification of Cu 

mineralization contain critical diagnostic information at the RGB, NIR and SWIR 
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regions of the electromagnetic spectrum. The spectral bands of Landsat-8 and 

Sentinel-2 data demonstrate a strong capability in detecting hydrothermal 

alterations. The results of Iron-oxide alteration, Argillic alteration, Phyllic alteration 

and Propylitic alteration based on Sentiel-2 are shown in Figure 9.11. Iron-oxide 

alteration is a key geological process in developing and exploitation of copper 

deposits. Iron-oxide alteration is distinguished by the presence of iron oxides such 

as hematite and magnetite and are formed by the reaction of hot fluids with iron-

bearing minerals in rocks. Other minerals, such as feldspar, may also be replaced 

by iron oxides as a result of the process. Because the fluids that induce the 

alteration frequently contain large amounts of copper, there is a strong relationship 

between iron-oxide alteration and copper mineralization (Khaleghi et al., 2020). As 

these fluids interact with the rocks, copper minerals such as chalcopyrite, bornite, 

and chalcocite are deposited. These copper minerals are frequently discovered in 

the altered rocks that surround the iron-oxide alteration zone, which is highlighted 

in tone of purple colours of Map of Iron-Oxide alteration in Figure 9.11. Argillic 

alteration is a significant geological process that contributes to the development of 

copper deposits and serves as a crucial indicator for geologists in their search of 

discovering new copper deposits (Beygi et al., 2021). Argillic alteration is a 

geological process that develops when hydrothermal fluids come into contact with 

rocks that comprise minerals such as feldspar, mica, and others. The minerals 

present in the rocks undergo alteration due to the previously mentioned interaction, 

leading to the formation of a type of clay mineral known as kaolinite. This 

phenomenon has the potential to spread across a vast area and possibly extend 

to considerable depths below the surface. Figure 9.11 depicts the argillic alteration, 

which is visually distinguished through chromatic variations ranging from cyan to 

pink shades. Phyllic alteration is another hydrothermal alteration process that is 

frequently related with the formation of porphyry copper deposits. This process 

transforms primary minerals into a suite of minerals that commonly includes quartz, 

sericite, and pyrite. The existence of phyllic alteration zones is often an indication 

of the possible occurrence of porphyry copper mineralization. The phyllic alteration 

is highlighted in Figure 9.11 as light orange to yellowish in colour. Another 

alteration of rocks produced by hydrothermal fluids is referred to as propylitic 

alteration. These fluids contain a high concentration of water, carbon dioxide, and 

other minerals that react with the host rock to generate new minerals. Propylitic 

anomalies are zones of propylitic alteration seen in rocks around copper deposits 
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(Parcutela et al., 2022). These anomalies are distinguished by the presence of 

minerals indicative of hydrothermal alteration, such as chlorite, epidote, and 

actinolite. The existence of these minerals indicates that the rocks were changed 

by hydrothermal fluids migrating from the copper deposit (Parcutela et al., 2022). 

The propylitic alteration is highlighted in Figure 9.11 because it is greenish-grey in 

colour and has a fine-grained texture on the ground. 

 

Figure 9.11 Hydrothermal maps of the study area used to map hydrothermal 

alternation zones associated with Cu mineralization based on Sentinel-2 satellite 

data 

9.3.2. Sensitivity analysis 

Parameters configured for model training can have a major effect on the reliability 

and generalizability of ML techniques, which significantly influences the predictions 
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accuracy. The 10-fold cross-validation results revealed significant variations in the 

misclassification rates of the three models when different parameter settings are 

used which can be seen through overall accuracy results as shown in Table 9.4. 

Table 9.4 Analysis of 10-fold cross-validation showing Overall Accuracy results. 

Model Overall Accuracy 

 
Minimum Maximum Mean 

Standard 

deviation 

CNN 0.79 0.89 0.86 ± 0.03 

SVM 0.70 0.79 0.73 ± 0.02 

RF 0.79 0.85 0.82 ± 0.02 

The different parameters yield different levels of classification precision when 

training individual ML models. However, RF and CNN models show similar 

variation patterns of MSE in response to changes in the specific parameter, i.e., 

no significant change was observed in the MSE of both models. It does not indicate 

that the MSE values were comparable. Generally, these two models demonstrate 

more accurate and stable performance with overall accuracy values greater than 

0.8 and are less sensitive to parameter variations. On the other hand, SVM models 

produce inadequate results with an average overall accuracy of 0.73. The 

complexity of a model can be determined by the number of ML parameters 

associated with its architecture, such as the number of trees in a Random Forest 

or the number of feature maps and neurons in a Convolutional Neural Network. 

Many research studies (Agrawal et al., 2022; Caruana et al., 2015; Jung & Choi, 

2021; Shirmard et al., 2022; Sun et al., 2019) have established that more precise 

predictions are often produced by complex ML models. This study investigated the 

influence of architecture-related parameters on the MSE results of prospectivity 

modelling. The result revealed that increasing the complexities of the model did 

not increase the efficacy of prospectivity modelling in the area. As the parameters 

increase, the statistical indices used to quantify classification error, such as the 

lowest and average MSE, have not decreased significantly. Moreover, the use of 

a greater number of trees, neurons, and feature maps increases computation 

power. Consequently, it is suggested that the modelling processes discussed here 

do not necessarily require complex ML model architectures. These findings are 
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also consistent with those from earlier research (Rodriguez-Galiano et al., 2015; 

Sun et al., 2019) which showed that complex models did not necessarily lead to 

improved accuracy of predictions. The limited size of training datasets, typically 

consisting of only a few deposit and non-deposit places, may explain the achieved 

accuracy in these results. Simple architectures and an appropriate amount of 

training can help avoid over-fitting errors that could be caused by using more 

complex models or extensive training. 

9.3.3. Selection of Prospectivity Map 

The optimized models will provide a probability score for each cell, assigned as a 

floating-point value ranging from 0 to 1, indicating the likelihood of a mineral 

presence. ML algorithms classify cells with probability values greater than 0.5 as 

areas with potential mineralization, while those below are marked as barren and 

without prospecting likelihood. 

The classification accuracies of the three ML models are represented by the 

confusion matrices in the training and test datasets. Table 9.5 displays the 

confusion matrices for the three ML models, which are used to quantitatively 

measure the accuracy of binary classification through various statistical indices 

listed in Table 9.6. 

Table 9.5 Confusion matrix of machine learning algorithms in test procedures 

 RF CNN SVM 

 Actual 

Deposit 

Actual 

Non-

Deposit 

Actual 

Deposit 

Actual 

Non-

Deposit 

Actual 

Deposit 

Actual 

Non-

Deposit 

Predicted 

deposit 

6 2 7 1 3 5 

Predicted 

non-

deposit 

1 6 1 6 4 3 
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Table 9.6 Predictive efficiency of machine learning models. 

 RF CNN SVM 

Sensitivity 85% 87% 75% 

Specificity 75% 85% 71% 

Positive predictive 

value 
75% 85% 38% 

Negative 

predictive value 
85% 85% 60% 

Accuracy 80% 80% 60% 

The CNN model has overall accuracy greater than the RF and SVM models while 

predicting positive and negative samples. Notably, SVM produces poorer 

predictions in both training and testing, particularly in the testing process that 

misclassifies most of the deposits. The CNN model was found to be the most 

sensitive by correctly identifying 87% of deposit locations, followed by the RF 

model (85%). The CNN model shows a specificity of 85%, which indicates that 

85% of cells without mineralization being correctly identified as non-deposits. 

Similarly, the RF and SVM models also achieved reasonable specificities of 75% 

and 71%, respectively. The CNN and RF models successfully predicted Cu 

occurrences in the majority of the predicted cells (> 80%), demonstrating a high 

positive predictive value. The CNN and RF models had the highest negative 

predictive rate (85%), indicating that 85% of predicted non-deposit cells are true 

non-deposit samples followed by SVM (60%). In terms of overall accuracy, the 

CNN model achieved the best value of 80%, indicating that 80% of all samples 

were correctly classified, and the same pattern was also followed by RF (80%).  

The ROC curve was used to assess the predictive capability of high-probability 

zones. The discriminative thresholds were changed from high to low probability 

values for evaluation purposes. The ROC curve with a y-value of 1 and an area 

under the curve (AUC) of 1 means the probability of occurrence samples is greater 

than that of non-occurrence samples. Any deviation from this line, whether due to 

a non-occurrence cell with a high probability or an occurrence cell with a low 

probability, reduces the AUC value.  
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The RF model has the ROC curve closest to the upper left corner of the graph, 

indicating the highest predictive capability with AUC values greater than 0.95. The 

AUC values of the CNN model are similarly good, while the SVM model shows the 

least accurate performance in terms of ROC curves as shown in Figure 9.12. 

 

Figure 9.12 The ROC curve and AUC analysis of RF, CNN and SVM models 

The majority of ML models can accurately predict >80% of known events under the 

initial classification parameters. Nonetheless, exploring all these "prospective 

areas" is too costly for "real world" mineral exploration, thus making target regions 

with high confidence and minimal area the ideal option. Hence it is vital for such 

applications to evaluate the demarcation of these zones as well as the 

effectiveness of the models. The success rate curve analysis highlights the 

performance of models in making predictions, with a steeper slope indicating a 

higher level of efficiency. Identifying the cut-off limits indicated by the three 

regression lines, which signify high, moderate and low probability for finding new 

Cu deposits, can be used to carry out prospectivity zoning. This enables delineated 

areas to capture more known mineral occurrences. Areas with a success rate curve 
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slope more than five are considered high potential and are suitable for exploration. 

Areas with a slope equal to or less than the natural distributed density (for example, 

1% of the area containing 1% of mineral occurrences) are not considered 

prospective. The success-rate curves show that the RF model has the highest 

slope, making it the most efficient in predicting outcomes. In the RF model, 8.99% 

of the study area accounted for 63.46% of the known deposits, compared to 5.98% 

for the CNN model containing 57.67% of the deposits and 3.14% for the SVM 

model containing 53.85%. The RF model identified 18 known deposits (81.81%) 

within 14.79% of the study area, including very-high and high potential zones. CNN 

and SVM generated similar results, with 16 and 14 deposits respectively, but 

covered a larger area (26.18%). 

Based on the threshold values for the predictive models, the area was classified 

into potential zones for discovering new deposits as shown in Figure 9.13. 
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Figure 9.13 Predictive maps of CNN, SVM, and RF models highlighting low to 

very high potential areas delineated based on threshold values 

The CNN model was found to be the best to correctly identify the Cu deposits in 

the study area, however it is not the best predictor. One of the possible 

explanations of this can be associated with the availability of limited field dataset. 

The RF model, on the other hand, is both a good identifier and the best predictor 

of Cu deposits, making it the optimal choice for exploration targeting since 

predictive accuracy is of great importance for further mineral exploration decisions. 

The areas with very high potential of new Cu deposits were also in the close vicinity 

of the geological lineaments and mostly present in the suitable hosting geological 

rocks. The predicted zones are also aligned with the hydrothermal alterations as 

extracted by processing of satellite remote sensing data. The ongoing mining in 

the region also falls under the very high potential zones towards the North-West 
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side as predicted under this research study (Figure 9.14). Hence the predictive 

zones highlighted by the RF model were used as the final prospectivity map. The 

RF model showed the most impressive results in comparison to other ML based 

Mineral Prospectivity Mapping or Modelling (MPM) applications. Several research 

studies (Jung & Choi, 2021; Rodriguez-Galiano et al., 2015; Shirmard et al., 2022; 

Woodhead & Landry, 2021) has also reported that the RF model has outperformed 

other ML models in the application of machine learning for minerals exploration 

and mapping. This can be due to the random sampling conditions employed by the 

RF training, which provides a high-level of diversity with limited data and prevents 

over-fitting. 

 

Figure 9.14 Current copper mining in the study area lies within the very high 

potential mineralization zone, as predicted by the RF model 

Although the hydrothermal alteration maps were produced from satellite data, field-

based investigations for the verification of host rocks are extremely important and 

should be explored for future research in the region. To further enhance the 

identified potential Cu mineralization prospects, more detailed geological 

information, particularly data on the geochemistry of rocks and soil, needs to be 

collected and analysed. 
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9.4. Conclusions 

In this study, a data science approach was applied based on ML algorithms 

including CNN, RF, and SVM. A set of ML models, including RF, SVM and CNN 

were trained based on nine predictor maps using different parameters. During the 

training and testing process, both the CNN and RF models demonstrated high 

accuracy and consistency despite any changes to their parameters. According to 

the sensitivity analysis, model design with complex structure does not necessarily 

improve the prediction accuracy of MPM in the study area. In terms of classification 

accuracy, the CNN model achieves the highest level of accuracy, with 92.38% of 

labelled samples correctly identified, while RF and SVM trail closely behind. The 

success rate curves showed that the RF model can detect a greater number of Cu 

deposits in smaller, well-defined regions, resulting in the most promising predictive 

accuracy. Given the model evaluation measurements obtained, the RF model 

stands out as the best ML model for developing prospectivity maps for further 

research in the study area. The study reveals that satellite-derived hydrothermal 

alteration maps, proximity to intrusive contacts, and the number and density of 

geological fault intersections are the most influential criteria for Cu prospectivity 

predictions. The findings suggest that Cu hydrothermal alterations in the host rocks 

along with ML based models represent an underutilized exploration technique, 

providing important information on the origin of Cu mineralization. 

The recent discovery of a known Cu deposit through field mineral exploration in 

the study area validates the predictive efficiency of the ML models applied in this 

study. The data science approach proposed and evaluated in this study for mineral 

prospectivity prediction has huge significance, not only for delineating of known Cu 

deposits, but also for exploring other deposits related to the remote sensing 

satellite derived hydrothermal mineral system on a larger scale. 
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10. CONCLUSIONS AND RECOMMENDATIONS 

10.1. Introduction 

This research was conducted to enhance the effectiveness and accuracy of 

mineral resource explorations and estimations, particularly for low-income 

developing economies. Exploration for mineral resources is an expensive and 

time-consuming process, with a lower success rate and return on investment than 

other sectors. In light of declining discovery success rates and increasing demand 

for essential minerals, industry professionals are being encouraged to use new 

data and approaches to locate economically viable mineral resources at the lowest 

cost and within the shortest period. This thesis consists of a series of case studies 

highlighting the effectiveness of data science by integrating limited field data with 

satellite remote sensing data and utilizing advanced machine learning algorithms 

for mineral exploration and estimate. The geochemical samples from stream 

sediments were used as an input into several machine learning models for 

predictive modeling in order to develop the further exploration areas in the region.  

Several machine learning models including Support Vector Regression (SVR), 

Generalized Linear Model (GLM), Deep Neural Network (DNN), Decision Tree 

(DT), and Random Forest (RF) regression, were applied for prediction using the 

Sentinel-2 satellite multispectral dataset. Overall, the performance of SVR and RF 

outperforms the other machine learning models with the highest testing accuracy. 

In the other case, the predictive modelling of geochemical samples involved the 

utilization of inverse distance weighting and geostatistical kriging techniques. 

Multiple iterations of the Inverse Distance Weighting (IDW) model were 

implemented, incorporating different power functions and varying numbers of 

sample points. The most optimal model was determined by evaluating the root 

mean square prediction error statistics. The same statistical technique were 

employed in the selection of the most appropriate semivariogram models, namely 

circular, spherical, exponential, and Gaussian, for each geochemical parameter in 

the Kriging process. The development of the mineral prospectivity map for the area 

was ultimately achieved through the application of the geochemical accumulation 

index (GAI).. In order to generate more accurate predictions, it was suggested that 

IDW and kriging should be used together. In a separate case study, Landsat 8 

satellite data was optimized and fused with a digital elevation model. An automated 
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GIS-based lineament extraction algorithm was applied to the data, and the 

lineament density was calculated. The results demonstrated that the orientation 

and distribution of the extracted lineaments correlated with geology and 

mineralized zones of the region. This method of automatic lineament extraction 

was found to be highly effective and can be employed in other regions where 

geological and mineralogical information is limited. The multispectral satellite data 

with a moderate resolution was used to map altered rocks. To identify hydrothermal 

alteration minerals, digital image processing techniques such as band ratios, 

spectral band combinations, and principal component analysis (PCA) were utilized. 

The combination of spectral bands and PCA produced efficient results, suggesting 

that remotely sensed satellite data is a useful tool for mineral alteration mapping. 

In the last case study, a data science approach was applied to create nine predictor 

maps for mineral prospectivity mapping using machine learning algorithms 

including Convolutional Neural Network (CNN), Random Forest (RF) and Support 

Vector Machine (SVM) in combination with remote sensing and limited field 

datasets. To assess the performance of the predictive models, a confusion matrix, 

metrics and ROC curve were utilized. The RF model demonstrated the highest 

accuracy, consistency and interpretability, and was the most efficient in capturing 

known mineral deposits in the region. In addition to other models, the RF model 

was used to generate a prospectivity map depicting regions with high to low 

potential for further investigation. This has been verified by the discovery of a new 

deposit within the predicted prospective zones, demonstrating the strength and 

efficacy of the prospectivity modeling approach given in this study for identifying 

exploration targets. 

10.2. Recommendations 

The following are some recommendations for consideration in future research: 

Extended research can be done to compare the use of Landsat-8 and Sentinel-2 

satellite datasets with higher spatial and spectral resolution satellite datasets and 

drone data using the methodology applied in this research. 

When developing machine learning models for mineral exploration and estimation 

with satellite remote sensing data, it is crucial to account for the multi-source, multi-

scale, high-dimensional, dynamic state, isomer, and non-linear properties of 

remote sensing data. 
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Other deep learning models, such as Generative Adversarial Networks (GANs), 

Recurrent Neural Networks (RNNs), Multilayer Perceptron (MLPs), and Radial 

Basis Function Networks (RBFNs), should also be evaluated and compared for 

potential mineral exploration and estimation. 

Other researchers have reported inconsistent findings regarding the accuracy of 

ML-based methods, the comparison between ML and non-ML methods, and 

comparisons between various different ML-based methods, despite the vast 

number of research projects that have employed ML-based methods. Therefore, it 

is strongly suggested that the scientific community adopt a uniform framework for 

comparing the performance of various ML methods and non-ML methods. 

The proposed data science framework through several case studies in this 

research can be deployed to the inaccessible and/or new areas with limited ground 

knowledge for efficient, cost-effective and time-saving minerals exploration and 

their quantification. 

The same method may be used to the analysis of drillhole samples, expanding the 

depth dimension of ore body characterization and quantification to provide an 

improved understanding of mineral domains. 

Exploring geologists experienced challenges as a result of the constraints and 

unique requirements of various Machine Learning methods. Utilizing advanced 

analytics in mineral exploration is essential for the mining industry to accomplish 

its sustainable development goals. These economical approaches may assist 

geoscientists in mitigating the negative consequences of mineral prospecting 

activities on the ecosystem, environment, and climate. 
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Random Forest (RF). 

(Sheng et al., 

2015) 

S-24 

Classification of Gold-Bearing Particles Using 

Visual Cues and Cost-Sensitive Machine 

Learning. 

(Horrocks et al., 

2015) 

S-25 

Integrating Artificial Neural Networks and 

Geostatistics for Optimum 3D Geological Block 

Modeling in Mineral Reserve Estimation: A Case 

Study. 

(Jalloh et al., 

2016) 

S-26 

A Hybrid Simultaneous Perturbation Artificial Bee 

Colony and Back-Propagation Algorithm for 

Training a Local Linear Radial Basis Neural 

Network on Ore Grade Estimation. 

(Jafrasteh & 

Fathianpour, 

2017) 

S-27 

Investigation of General Regression Neural 

Network Architecture for Grade Estimation of An 

Indian Iron Ore Deposit. 

(Das Goswami 

et al., 2017) 

S-28 

Development of Online Machine Vision System 

using Support Vector Regression (SVR) 

Algorithm for Grade Prediction of Iron Ores. 

(Patel et al., 

2017b) 

S-29 

Relevance Vector Machines Using Weighted 

Expected Squared Distance for Ore Grade 

Estimation with Incomplete Data 

(Zhang et al., 

2017b) 

S-30 
Comparison of Machine Learning Methods for 

Copper Ore Grade Estimation. 

(Jafrasteh et al., 

2018) 

S-31 
Combining Regression Kriging with Machine 

Learning Mapping for Spatial Variable Estimation 
(Li et al., 2019) 
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APPENDIX B. PUBLICATION DOMAINS OF THE SELECTED 

RESEARCH STUDIES USED FOR SLR 

Study ID Title of Journal/Conference Publisher 

S-01 Computers & Geosciences Elsevier 

S-02 Exploration and Mining Geology 

Canadian Institute of 

Mining, Metallurgy and 

Petroleum 

S-03 
The Journal of The Southern African 

Institute of Mining and Metallurgy 

The South African 

Institute of Mining and 

Metallurgy 

S-04 

Mining Technology Transactions of the 

Institutions of Mining and Metallurgy: 

Section A 

Taylor & Francis 

S-05 Mathematical Geology Springer 

S-06 Minerals Engineering Elsevier 

S-07 

Mining Technology Transactions of the 

Institutions of Mining and Metallurgy: 

Section A 

Taylor & Francis 

S-08 Mathematical Geosciences Springer 

S-09 Computers & Geosciences Elsevier 

S-10 
Australian Journal of Basic and Applied 

Sciences 

Australian Journal of 

Basic and Applied 

Sciences 

S-11 Computers in Industry Elsevier 

S-12 Natural Resources Research Springer 

S-13 
Journal of Intelligent Learning Systems and 

Applications 

Scientific Research 

Publishing Inc 

S-14 Mathematical and Computer Modelling Elsevier 

S-15 International Journal of Mineral Processing Elsevier 

S-16 Natural Resources Research Springer 

S-17 Natural Resources Research Springer 
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S-18 Computers & Geosciences Elsevier 

S-19 Neurocomputing Elsevier 

S-20 Geochemistry Elsevier 

S-21 Acta Oceanologica Sinica Springer 

S-22 Powder Technology Elsevier 

S-23 Journal of Analytical Atomic Spectrometry 
Royal Society of 

Chemistry 

S-24 Mathematical Geosciences Springer 

S-25 
International Journal of Mining Science and 

Technology 
Elsevier 

S-26 Neurocomputing Elsevier 

S-27 Arabian Journal of Geosciences Springer 

S-28 

2017 Fifteenth IAPR International 

Conference on Machine Vision Applications 

(MVA) 

IEEE Xplore 

S-29 
International Journal of Machine Learning 

and Cybernetics 
Springer 

S-30 Computational Geosciences Springer 

S-31 
IEEE Geoscience and Remote Sensing 

Letters 
IEEE Xplore 
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APPENDIX C. THE TYPE OF ML-MODELS APPLIED IN THE 

RESEARCH STUDIES FOR MRE 

Study ID ML model applied for MRE 

S-01 Support Vector Machine (SVM) 

S-02 

Coactive Neuro-Fuzzy Inference System based on Artificial 

Neural Networks 

Adaptive Neuro-Fuzzy Inference System (ANFIS) 

S-03 

Adaptive Neuro-Fuzzy Inference System (ANFIS) 

Artificial Neural Networks (ANN) 

Kriging 

S-04 Support Vector Regression (SVR) 

S-05 

Support Vector Machine (SVM) 

Neural Network 

Kriging 

S-06 

Local Linear Radial Basis Function (LLRBF) neural network 

LLRBF network with skewed Gaussian activation function 

Simultaneous Perturbation Artificial Bee Colony (SPABC) 

algorithm  

Back Propagation (BP) 

Standard artificial bee colony 

Covariance Matrix Adaptation Evolution Strategy (CMAES) 

Particle Swarm Optimization (PSO) 

Support Vector Machine (SVM) 

S-07 
Support Vector Machine (SVM) 

Random Forest (RF) 

S-08 Multi-layer perceptron neural network 

S-09 Support Vector Machine (SVM) 

S-10 Support Vector Machine (SVM) 
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A naïve Bayes classifier 

A majority decision table 

S-11 

Least square support vector machine regression 

Inverse distance weight 

Ordinary kriging 

Back propagation neural network 

S-12 Support Vector Machine (SVM) 

S-13 

Multi-layer feed forward neural network 

Simple kriging 

Ordinary kriging 

Kriging with linear drift function 

Kriging with a quadratic drift function 

Lognormal kriging 

S-14 
Support Vector Machines (SVM) 

Linear Programming Boosting 

S-15 

General regression neural network 

Multilayer perceptron neural network 

Ordinary kriging 

S-16 Radial Basis Function (RBF) 

S-17 
Radial basis function network 

Ordinary kriging 

S-18 
Support Vector Machine (SVM) 

Regression 

S-19 
Single neural network 

Multiple neural network 

S-20 Support Vector Machine (SVM) 

S-21 Layered feedforward artificial neural network 

S-22 Support Vector Regression (SVR) 
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S-23 
Artificial Neural Networks (ANN) 

Geostatistics 

S-24 
Artificial Neural Networks (ANN) 

Ordinary kriging 

S-25 

Relevance vector machine 

Expected squared distance 

Weighted expected squared distance 

Inverse distance weighted 

Kriging 

S-26 

Neural networks 

Support Vector Regression (SVR) 

Ordinary kriging 

S-27 Neural networks 

S-28 Wavelet neural network 

S-29 Multilayer feedforward neural network  

S-30 

Neural networks 

Random Forests (RF) 

Gaussian processes 

S-31 

Ordinary kriging 

Regression kriging 

Machine learning mapping 

Hybrid method 

 


