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ABSTRACT

It is imperative that one acknowledges that we now live in a digital age where almost
every aspect of our daily lives produces an immense amount of data, with this, one may say
the 21st century and those to come are and will be data-driven. With a closer look into the
mining industry, trends show a steady but inevitable shift from traditional to modern digital
methods. One may attribute this shift to a number of reasons such as the shortage of specialists
in various fields within the mining industry, be it exploration, monitoring, maintenance, and
processing amongst others. Also, there is a lessening desire to conduct on-sight investigations
as health and safety regulations stiffen along with the necessity to distance human life from
occupational mishaps. Lastly, traditional methods of delineating rocks and minerals may at
times be thought of as subjective, which is an inherent part of procedures conducted by humans.
For this reason, this study aims to provide solutions to these problems through the employment
of artificially intelligent (AI) algorithms, which are known to be objective in their analysis.
Coupled with spectral imaging techniques in the discrimination of rocks and minerals, the study
was split into three main chapters, each covering the achievable potential advantages of

employing Al-based classifications, hence solving the aforementioned problems.

The first aim was to combine two technologies to classify rocks; hyperspectral imaging,
and artificial intelligence in the form of a one-dimensional deep learning convolution neural
network (1D DL CNN). In order to classify rocks, visual imagery data generated using a
hyperspectral camera was quantified in terms of how each captured image pixel responds
across the electromagnetic spectrum, obtaining hyperspectral signatures of that particular rock.
The second step involved running the hyperspectral signature data in a 1D CNN, application
of this highly capable DL technique allows one to perform classification procedures with

minimal error. The output results showed that the 1D CNN was capable of performing rock

il
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classifications via hyperspectral signatures as supported by the optimised (across three models)
average per class prediction precision of 91.2% for all eight igneous rock lithologies employed

in this part of the study.

Having realized the time, computational and data storage costs attained in solving the
first aim, the second aim was thus an attempt to develop a method by which rock classification
may be performed without these costs. This was achieved by integrating Hyperspectral
Imaging, Neighbourhood Component Analysis (NCA) and Machine Learning (ML) as a
combined system that can classify rocks. Modestly put, hyperspectral imaging gathers
electromagnetic signatures of the rocks in hundreds of spectral bands. However, this data
suffers from what is termed the ‘dimensionality curse’, which led to the employment of NCA
as a dimensionality reduction technique. NCA, in turn, highlights the most discriminant feature
bands, the number of which is dependent on the intended application(s) of the system. The
study’s envisioned application was rock classification via specialized multispectral bands.
Hence, the study performed a 204-band hyperspectral to 5-band multispectral reduction, the
reason being, that current production drones are limited to five multispectral band sensors.
Based on these bands, the study applied ML to identify and classify rocks, thereby supporting
the study’s hypothesis, reducing computational costs, and attaining an average optimized ML

classification accuracy of 91.2%.

The third aim was to investigate the potential use of drones in mining environments as
a way in which data pertaining to the state of a site may be remotely collected. This aim
proposes a combined system that employs a six bands multispectral image capturing camera
mounted on an Unmanned Aerial Vehicle (UAV) drone, Spectral Angle Mapping (SAM), as
well as Al Unlike in the second aim, the 6 multispectral bands are factory pre-set, hence the
employment of SAM to aid in pinpointing the spectra of sought after magnetite iron sands.
Depth possessing multispectral data was captured at different flight elevations in an attempt to

v
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find the best elevation where remote identification via the UAV drone was possible. Data was
analysed via SAM to deduce the cosine similarity thresholds at each elevation. Using these
thresholds, Al algorithms were trained and tested to find the best performing model at
classifying magnetite iron sand. Considering the post-flight logs, the spatial area coverage of
338 m2, a global classification accuracy of 99.7%, as well the per-class precision of 99.4%, the

20 m flight elevation outputs presented the best performance ratios overall.

In conclusion, the study emphasizes that the employment of Al-based spectral imaging
methods in various aspects of the mining industry is necessary to ensure the continuation of a
robust and future-proof rock and mineral classification practice. Lastly, data-driven
classification practices are sustainable, easily optimizable, repeatable, and objective in their

outputs, deeming the proposed systems viable for current and future industrial applications.
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CHAPTER 1: Introduction

This chapter discusses the essence of the study, it gives a glimpse into the problem statement,

the general background literature, as well as the purpose of this study.

1.1. Background

Rock and mineral classification tasks are of the utmost importance in the mining, rock
and mineral engineering industries (Fox et al., 2017). The world, however, has been
experiencing a decline in mineral grades, strengthening of safety regulations, shortage of
specialists and the shift from in the field investigations (Nageshwaraniyer et al., 2018). Thus,
it would make sense for these industries to invest in technologies that may improve any aspect
of the value chain so as to solve these problems and remain profitable. With the digital age the
world is currently experiencing, an undertaking of this magnitude usually encompasses
performing remote assessments of phenomena, the application of high computation power, as
well as performing these tasks in the most cost effective manner (Gaffey and Bhardwaj, 2020).
In recent years, with respect to the mining industry, we have seen the introduction and
application of various technology based rock identification methods (Ganesh et al., 2017). This
rapid transformation from traditional to more modern techniques is driven by the need to
perform faster, and accurate rock identification. It is for this reason that this paper attempts to
investigate the abilities of artificial intelligence (Al) in performing rock classification via

hyperspectral as well as multispectral imaging techniques.

The adoption of advanced automated technology in the mining industry has proven to
be highly effective in improving sustainability and efficiencies (Heinz et al., 2004). This is
greatly due to the optimisation of system designs, data collection methods and the overall

implementation of automation. From this, it is clear that the mining industry strives for the



Akita University

improvement of safety regulations by increasing the distance between miners and the
environment (Jia et al., 2016). This is where automated technology plays its part, by improving
site data collection methods followed by high accuracy analysis methods (Zhang and Li, 2014).
Such improvements, as will be described in this study include hyperspectral imaging in the
distinction of rocks, dimensionality reduction from hyperspectral imaging to multispectral
imaging, and the integration of multispectral imaging with unmanned aerial vehicle (UAV)
technology. Data assessment via these methodologies will be performed by various Al
algorithms. To begin the investigation, one needs to understand the concept of spectral

imaging, remote sensing, and Al.

1.1.1. Spectral Imaging

In order to understand the concept of spectral imaging, which usually takes place within
the visible-near-infrared (VNIR) range of 400-1000 nm (Figure 1.1), one needs to understand
how spectroscopy has evolved ever since its discovery. This entails understanding the different
types or levels of spectroscopy from those with the lowest to the ones with the highest spectral
resolution (Debba et al., 2005; Wright et al., 2013; van Ruitenbeek et al., 2012). With
advancements in science, there have been developments which allow spectrometers to be
divided into even smaller spectral bands whilst maintaining the same spectral range (Figure
1.2). Farooq et al. (2014), point out that these spectrometers are also said to maintain high
sensitivity in terms of detection and absorption of reflected electromagnetic radiation from

objects; which for this study objects in question are rocks.
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400-1000nm [VNIR]
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Figure 1.1: Relationship between the different kinds of electromagnetic radiation with the

VNIR highlighted in red.

From Figure 1.2, one is able to visually set apart different resolutions of spectral
imaging. Within the VNIR, broadband has 2 spectral channels, which gives it a poor spectral
resolution, whilst multispectral imaging has 10’s of spectral channels within the same spectral
range (Tompkins & Pieters, 1999; Spinetti et al., 2009; Savage et al., 2012). Lastly,
hyperspectral imaging has 100’s of spectral channels within the same range (Fox et al., 2017;
Salvatore et al., 2014), giving it the best spectral resolution with the ability to distinguish
material characteristics with finer details across the spectral range (Li et al., 2017). With this
said, it means rock spectral signatures will potentially be easily distinguishable through the

employment of both hyperspectral as well as multispectral imaging.

l«——— Spectralrange — |

Broadband Visible SWIR Poor spectral resolution
Multispectral 10’s of spectral bands
Hyperspectral 100’s of spectral bands

[¢——— 400-1000nm [VNIR] ———»!

Figure 1.2: Relationship between different levels of spectroscopy based on band resolution.
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1.1.2. Remote Sensing

As shown in Figure 1.3, Zhang & Li (2014), explain that since the discovery and
employment of spectral imaging by the geology and rock engineering community via satellites,
spectral imaging has been employed for regional mapping. This has been the case for different
purposes such as the discrimination of different soil types from place to place (Jie et al, 2018).
Lithological mapping of large rock formations and how they transition or interact with each
other to explain geological phenomena (Landgrebe, 1999) too has been investigated.
Vegetation mapping to investigate how and why different flora are found in certain regions and
not others (Qiua et al., 2017) has taken advantage of satellite remote sensing. Lastly, tracing
water movements in order to investigate possible mineral and/or contaminant constituents
present within it is one of the practices that have taken advantage of satellite remote sensing

(Farooq et al., 2014).

For this reason, this has driven other industries and academic organizations to further
develop and take advantage of these aerial investigation technologies as they see major
advantages in combining high-resolution spectral imaging over normal colour imaging
techniques (Meer, 2006). Hence for this study, remote sensing investigations combining a 6
band multispectral camera with a UAV drone will be investigated. Positive results from this
amalgamation will render such a system highly capable of rock and mineral discrimination or

classification from a remote area via spectral imaging (Jun-Hu & Da-Wen., 2014).
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Figure 1.3: Overview of spectral imaging applications employed for regional scale remote

sensing practices. Adapted from: https://www.harris.com/ (6 Nov, 2020)

1.1.3. Data Processing via AI Algorithms

In order to make calculations, humans need to use their brainpower so as to attain quick
and accurate results all the time (Jia et al.,2016; Zhang et al., 2017; Tang et al., 2017). However,
the human brain has limitations in terms of the number of calculations viable for processing
per specific time (Karen et al., 2013; Ma et al., 2017). Hence, scientists have developed
computers with even more computational power, able to carry out multitudes of calculations
with little or no error, keep data, and reemploy it wherever need be after learning, just as a
human being’s brain would (Shugao et al., 2017; Altaf at al., 2019; Dolz et al., 2018). This
computer brain (Figure 1.4), has earned the name ‘AI’. Within artificial intelligence, exists
machine learning (ML), as well as deep learning (DL) convolutional neural networks (CNN),

which will be employed in this study’s rock classification via spectral imaging problems.
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Figure 1.4: Relationship between artificial intelligence, machine learning and deep learning

algorithms.

Though both ML and DL AI algorithms are useful in multitudes of data-related tasks
such as the classification problem being investigated in this study, they differ in several ways.
ML algorithms are mathematical engines of Al, which means these algorithms attribute their
classification abilities to perceived mathematical relationships present within the data (Hartog
etal., 2021). In simple terms, ML algorithms try to fit the data within a particular pattern which
can be described using mathematical functions. Examples of machine learning algorithms
include Linear Regression, Decision Trees and k-Means amongst others (Shafri et al., 2007).
These algorithms are relatively easier to employ, hence, several ML algorithms will be

investigated in this study.

DL, on the other hand, is far more sophisticated in its architecture compared to ML
algorithms (Ganesh and Kannan, 2017). They are complex and multi-layered; and are built to
allow data to pass through information processing layers (like human brain neurons) in highly
connected ways, the result is a non-linear transformation of data which cannot be described by
a mathematical function (Ganesh and Kannan, 2017; Shafti et al., 2007; Hartog et al., 2021). It
does however take a large amount of data compared to ML to train DL algorithms in order to

attain high accuracy output models (Hartog et al., 2021). For this study, a one dimensional (1D)
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CNN is employed. This type of CNN was applied as it is known to be highly capable of
classifying imagery and waveform data (Fox et al., 2017), which coincides with the data

structures presented in this study.

1.2. Purpose of the Study

The benefits of employing this proposed system within the mining industry are endless.
For instance, spectral signatures are more than viable in the discrimination of rocks and
minerals (Ganesh and Kannan, 2017). This may be for the purpose of determining the correct
blasting procedures based on the type and state of rocks. Moreover, mining engineers are
always faced with tasks, such as determining adequate slope angles within open-pit mines,
determining dilution ratios in the processing of ore, and determining waste rock quantities,
among other standards (Rahimi et al., 2021). These all depend on rock and mineral information,
this information being attainable via rock and mineral spectral signatures without the need to
employ expensive, risky, and time-consuming investigations, hence achieving cost efficiency,
fast data collection times, human life protection, and quicker analysis rates. In order to assess
the full capabilities of the systems, a series of questions will be answered by each of the

following chapters in an attempt to address the gaps observed in previous literature;

In chapter 2, using eight igneous rocks (granite, diorite, gabbro, granodiorite, rhyolite, andesite,

basalt and dacite), the study will:

e Strive to visually distinguish rocks based on their VNIR hyperspectral signatures;
e Assess the classification abilities of a 1D CNN in distinguishing rocks based on 204-
band hyperspectral signatures.
In chapter 3, using the same igneous rocks as in chapter 2 (granite, diorite, gabbro, granodiorite,

rhyolite, andesite, basalt and dacite), the study will:
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e Determine the 5 most important spectral bands necessary to classify rocks via
conversion from hyperspectral to multispectral imaging, this will be achieved through
dimensionality reduction from 204 hyperspectral bands, to 5 multispectral bands;

e Assess the differences in retained attainable classification capabilities pre and post
dimensionality reduction.

In chapter 4, a case study on magnetite iron sands, the study will:

e Investigate the capabilities of a 6 bands multispectral camera mounted on a UAV drone
across 3 different flight elevations;

e Perform Spectral Angle Mapping (SAM) in order to highlight the sought after subject
(magnetite iron sands);

e Investigate the benefits of employing a 6 bands multispectral UAV drone in mineral

identification based on both ML and DL classification capabilities.

1.3. Outline of the Study

As Figure 1.5 shows, Chapter 1 gives a general introduction and background of the
study. It moreover stresses the study’s goals. Chapter 2 addressed the capabilities of a 1D CNN
in classifying rocks based on their hyperspectral signatures. In an attempt to classify rocks with
a reduced computational power requirement, Chapter 3 assesses dimensionality reduction via
NCA of 204 hyperspectral imaging bands to 5 specialized multispectral bands. Quantitative
system capabilities are presented via ML models. In Chapter 4, a 6 multispectral bands UAV
drone flown at 3 different flight elevations is applied in mineral classification of magnetite iron
sand. Based on the SAM analysis results at each elevation, ML and DL models will be used in
ascertaining the classification capabilities of the system. Chapter 5 ties the findings of Chapters

2, 3 and 4, and presents the study’s overall conclusions.
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Chapter 1:

General introduction,
background and
purpose of the study

Chapter 2: Chapter 3:
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discrimination Outline of the Thesis: discrimination

Investigating capacities
of Al'in rock and
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ML, DL (1D CNN) conclusions made from
Case study on magnetite previous chapters

Figure 1.5: Overview of the study showing chapters and methods employed (1 dimensional
convolution neural network (1D CNN, deep learning (DL), dimensionality reduction (DR),
hyperspectral imaging (HSI), machine learning (ML), multispectral imaging (MSI),
Neighborhood Component Analysis (NCA), Spectral Angle Mapping (SAM), Unmanned
Aerial Vehicle (UAV).
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CHAPTER 2: Application of a 1D Deep Learning CNN in the

Classification of Rocks via Hyperspectral Imaging

This chapter investigates the capabilities of a 1 dimensional convolution neural network in
classifying eight igneous rock lithologies based on their visible-near-infrared range

hyperspectral signatures.

2.1. Introduction

This chapter proposes a synchronization between rock identification and classification,
with modern technological advances namely hyperspectral imaging and deep learning for
applications in mining and related geoengineering works or industries. In order to assess the
full capabilities of the system, a series of questions have to be answered; are rocks
distinguishable based on their hyperspectral signatures? how robust and accurate can the one-
dimensional convolution neural network (1D CNN) algorithm be? finally, what are the
attainable classification predictions? For this chapter, eight igneous rock lithologies with each
represented by 4 rock samples were employed for this rock classification problem. The plutonic
rock counterparts were namely granite, diorite, gabbro and granodiorite, whereas their volcanic

equivalents were rhyolite, andesite, basalt and dacite respectively.

In simple terms, as previously defined in Chapter 1, spectroscopy is the study of light
as a function of wavelength that has been emitted, reflected or scattered from a solid, liquid or
gas (Meer et al., 2006). Variances in each of these wavelengths are what make it possible to
identify or detect even that which a naked eye would not. From this definition, hyperspectral
imaging is therefore the technology that acquires images of the same scene in hundreds of
contiguous and narrow spectral bands (Li et al., 2017). It allows one to collect information for

each pixel in an image scene, hence enabling the digital imaging of geological materials and
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the measurement of their reflectance spectra in the visible-near-infrared range’ (VNIR)
portions of the electromagnetic spectrum (400-1000 nm). Since every pixel in the image
contains a continuous spectrum (reflectance), the technique has the potential to be manipulated
for a broad number of uses (Nageshwaraniyer et al., 2018), including but not limited to the
identification and characterization of complex structural and mineralogical alteration

assemblages (Qiua et al., 2017).

Having stated the above, it is critical to handle this data with accurate and precise
analytical methods, hence the proposed integration of hyperspectral imaging with deep learning
(DL) models. DL is generally defined as a subset of machine learning in the broader subject of
artificial intelligence, it is said to have networks capable of learning with little or no supervision
from data which would be considered unstructured or poorly organized (Jie et al., 2018). Marais
& Aldrich (2011) further mention that deep learning has proved to be a highly effective tool in
image analysis, particularly its CNN algorithm, where it has been subjected to many different
tasks, some of which include document and face recognition (Zhang et al., 2017). This is
moreover supported by Portia et al. (2016), who state that CNNs have over the years proved to
be highly effective in feature extraction and representation of visual imagery. It is for this
reason that this chapter aimed at exploring the capability of this extreme learning machine on
high-level deep features of rock hyperspectral signatures and potentially employ this

technology in various mining activities (Zhang et al., 2017).

By being able to classify changes in lithology, engineers will be able to assess and come
up with appropriate mining and blasting methods that better suit that particular lithology and
its structural characteristics. Moreover, this system has the capacity to detect moisture content
anomalies in rocks if need be, as it is often said that ‘water is the number one enemy when it
comes to mining and rock stability’ (Sitharam & Kolathayar, 2020) due to its ability to sip
through rock structures, hence weakening their overall integrity.

11
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2.2. Methodology

2.1.1. Hyperspectral Imaging

Hyperspectral remote sensing with high spectral resolving properties has been
established as one of the important applications in mineral/lithological mapping as it has a
higher spectral resolution as compared to the conventional multispectral technology with a
lesser number of spectral bands within a given wavelength range (Kruse, 2012; Rowan et al.,
2000; Mangold et al., 2017; Kim et al., 2016). Scientists around the world now see great
potential in accurately identifying and mapping the constituents of the earth’s surface since its
introduction. Various methods have been developed and have produced very promising results

in lithological diagramming (Meer, 2006; Chen et al., 2007; Farooq & Govil 2014).

Hyperspectral imaging, as defined by researchers (Beretta et al., 2018; Martelet et al
2021; Galal et al., 2012), refers to the collection of hundreds of pixel-scale imagery information
pertaining to a subject from within the electromagnetic spectrum. The collection of such data,
which in our case was within the VNIR range, numerically translates to the 400—1000 nm
electromagnetic spectrum. Hyperspectral imaging is a graduation from multispectral imaging,
meaning that within the same spectral range, hyperspectral imaging has a higher resolution,
thereby facilitating the extraction of detailed spectral signatures (Beretta et al., 2018; Shafti et
al., 2007; Martelet et al 2021). Since its discovery, it has seen various applications in fields,
such as soil sciences, hydrology, geology and the mining industry (Saha and Annamalai, 2021;
Debba et al., 2005). When an image is captured using a hyperspectral camera such as the 204
band Specim IQ camera used in this study, information pertaining to the subject’s interaction
with light is recorded (Girouard et al., 2004). This makes each of the 204 VNIR spectral bands
receive a specific signal within each of the approximately 3 nm wide spectral bands. It should

be mentioned that camera specifications may differ in terms of the number of spectral bands
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per spectral range provided by a certain manufacturer. This, in essence, affects the width of
each spectral band, it however does not affect the underlying signatures exhibited by specific

rocks and minerals.

2.2.2. Why Employ Deep Learning Networks

Recently, techniques based on deep learning approaches have demonstrated their
effectiveness as compared to conventional hand-crafted techniques, and have become the state-
of-the-art in many applications such as remote sensing and geotechnical engineering (Vetrivel
et al.,, 2017). The underlying reason why deep learning holds the potential to overcome
deficiencies found in previously employed intelligent diagnosis techniques is in its
incorporation of a class of machine learning techniques such as CNNs, which are further aided
by the various layers of information processing stages used to exploit pattern classifications
(Marais & Aldrich, 2011; Singh et al., 2021). Jang et al. (2015) support this statement by saying
it is primarily due to these deep architectures that deep learning neural networks are able to

adaptively capture the finest details in representative information from raw data.

Since the time when the idea of deep learning appeared in science, it has appealed to a
lot of researchers from different fields (Jia et al., 2016). The core of within the deep learning
structure is to let the network directly learn the feature representations and concurrently train
with thorough prediction tasks from end to end (Zhang et al., 2017; Al Sallab & Rashwan 2011;
Haixiang et al., 2017; Mohammadi & Rezaei 2020), which as a result aids the deep learning
models set new strides for many vision tasks. It is for this sophisticated reason that this chapter
proposes the employment of a CNN to classify rocks based on their hyperspectral signatures.
Although with many successes, it is worth mentioning that deep learning models are still mostly

thought of as ‘hard to implement’ as they require multitudes of data in order to operate and
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need several ‘tips and tricks’ (Xinga et al., 2017; Estrada-Ruiz and Pérez-Garibay, 2009), hence

the need to continuously expand databases and refine neural network algorithms.

As shown in Figures 2.1 and 2.2, a typical CNN has 3 main layers, an input layer, where
raw data is located, this data may be in form of 2D image data or 1D wave form data. For this
classification task, hyperspectral imagery data which has a structure similar to wave-forms will
be processed via the 1D CNN (Figure 2.2). The second main layer of a CNN is the hidden
layer, which houses the convolution layers which specialize in detecting and locating localized
features (Xinga et al., 2017). The convolution layer works by assigning a weight called a
filter/kernel which is multiplied with input data as shown in Figures 2.1 and 2.2, as the learning
is repeated over time, the filter is then updated for the upcoming input data (Marais & Aldrich,
2011). Updating of the filter uses a method called ‘stochastic gradient descent’ which is often

referred to as backpropagation.

32x32 14x14x20 5x5x20 Ixx300  FTTTTOT i
28x28x20 10x10x20 3x320 |1x1x36 "
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1Map 20 My Kernel:2x2 20Maps  Kernel:2x2 20 Maps Fully-
aps : " .
Neurons 1024 Kernel:5x5 Kernel:3x3  Connected

Kernel:5x5 layer

Figure 2.1: Typical representation of feature extraction from a 2D CNN with convolution and
maximum pooling layers (C1-3 and MP1-2 respectively). The main CNN layers are input layer,

hidden layer and output layer.

Figure 2.1 and 2.2 further highlight the other important layer housed within the hidden
layer namely the ‘maximum pooling layer’, this layer’s focus is to compress localized feature
extractions Poria et al. (2016). Zhang et al. (2017) state that within the maximum pooling
layers, selection of the maximum value for the feature map is performed, this process reduces

the number of units, thereby lowering the computational cost, lowering the sensitivity of minute
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changes, and suppressing overfitting in the feature map. At the end of the network, exists the

third main layer namely the output layer, it gathers information from the fully connected layer

and 1s where results pertaining to the performance of the network are presented.
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Figure 2.2: Simplified (i) and true (i1) structure of the 1D CNN with input, hidden and output

layers.
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2.3. Practical Experiments

2.3.1. Capturing Rock Hyperspectral Signatures

To craft this proposed system, experimental work was carried out using pre-evaluated
and labelled rock samples collected from various unrelated outcrops, which are specimens
registered in the ‘Mineral Industry Museum, Akita University’. For data acquisition, the
selected 32 igneous rock samples from eight rock lithologies, four being of plutonic origin
(granite, diorite, gabbro and granodiorite), and the other four of volcanic origin (andesite,
dacite, basalt and rhyolite), were used. According to researchers (Sinaice et al., 2020; Carrino
et al., 2018; Burley et al., 2017), Figures 2.3(i) and 2.3(ii) are classification diagrams of how
the geology community typically distinguishes these rocks with the naked eye (plutonic rocks)
or chemical analysis (volcanic rocks). The complexity of these methods is what drove this
study to propose hyperspectral imaging as a method in which representative features of these
rocks whose areas have been shaded in Figure 2.3 can be extracted and later predicted and

classified.
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Figure 2.3: Classification diagrams showing the plutonic (i) and volcanic (i1) rocks which were
of interest for this study to be carried out: (1) granite (2) diorite (3) gabbro (4) granodiorite (a)
rhyolite (b) andesite (c) basalt (d) dacite.

To capture their spectral signatures, a Specim IQ hyperspectral camera with VNIR
range capabilities (400—1000 nm, 204 bands) was used to record the pixel-by-pixel signatures
of the rocks. The main components of the spectral data extraction setup are illustrated in Figure
2.4. As van der Meer (2006) has pointed out, gathering this data entails standardising the
spectral signature recording process. This was done by initialising the camera with a white
reference board (provided by the manufacturer, Specim), the purpose of which is to filter out
the noise and verify subsequent data is recorded under the same standardised conditions. The
experimental setup utilises tungsten-halogen lamps to illuminate the stage as they have high
output capabilities throughout the VNIR, which coincides with the camera capturing range.
Figure 2.5 is a collection of some of the 32 rock samples from eight rock lithologies used in

this study to build a rock hyperspectral database.
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Figure 2.4: Experimental set-up showing the main components of Visible-NIR hyperspectral
imaging system. The camera extracts data and sends it straight to the computer system where

data can then be used for various kinds of analysis.

Granite Diorite Gabbro Granodiorite

Andesite Basalt Dacite

Figure 2.5: Images of some of the 32 rock samples from eight rock lithologies used in building

the rock hyperspectral database.
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Having captured the depth possessing, high dimensionality hyperspectral imagery data
of all rocks, this data is then converted to numerical data using hyperspectral analysing software
such as python. Converting to numerical data entails the extraction of spectra from specific
pixel blocks. This is performed after having assigned a data extraction area to allow automatic
selection of pixel blocks with spectra to be considered for analysis (Figure 2.6). Since the
Specim IQ camera acquires images of 512 x 512 pixels from 204 bands, the software randomly
and automatically extracts 20 x 20-pixel information from these 204 band images (Figures 2.6).
Meaning, that each spectrum is an average of the spectral reflectance information from a 20 x
20-pixels (400 pixels) area; hence, each block becomes an average spectral strength with a
depth of 204 bands (wavelength). The selection area boundaries are set by the user to ensure

the software extracts only relevant data.

To extract 100% of the captured image spatial area of the 512 x 512 pixels = 262,144
total pixels, a total of approximately 655 spectra (the exact number is 655.36 pixels), each with
a spatial area of 20 x 20pixels = 400 pixels would have to be extracted. This is derived from
dividing 262,144 pixels by 400 pixels to get 655. However, since the spectral extractor used in
this study extracts 220 pixels per image, this results in approximately 30% [262,144/ (220 x
400)] of the image area being used for analysis. This 30% (made up of 220 spectra minus
manual elimination of non-rock spectra) of the extracted whole image area, however, can be
placed anywhere on the image area using the spectral extraction boundary controlled by the
user. Therefore, should a perfect 88,000 pixels (220 x 20 x 20) area be defined by the user,
100% of the selected rock spectral information without background noise would be extracted.
However, this was not the case in this study, as the extraction boundaries were randomly set

judging from the area in which actual rock resides within each image.
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Figure 2.6: Automatic random extraction of rock pixel spectra captured via a Specim IQ
camera that acquires 512 x 512 pixel images from 204 bands within the visible-near-infrared

range. Extracted spectra are used to build a rock hyperspectral database.

Performing manual elimination (by the user) of unwanted spectra from the
automatically extracted (by the software) 220 results in a lesser number of extracted spectra
than the initial 220. As a result, from the 32 rock samples, we now have a total of 6825 [(220
spectra X 32 samples) minus unwanted background noise)] viable representative spectra from
eight rock lithologies, each with a 204-band depth having been extracted for analysis. This, in
essence, means the quantitative dataset has a matrix of size 204 x 6825 = 1,392,300 spectral
information, which is used as input data in subsequent procedures. This data goes through a
pre-processing stage where each dataset is assigned a relevant label; hence, a hyperspectral

rock database was built based on the eight igneous rock lithologies. It should be noted that this
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process can be performed on any rocks, minerals or the combination of which. The choice or
type of data used to develop a database depends entirely on the purpose upon which rock or
mineral classification is intended to be based. This, as a result, enables the Al coupled system

to be highly specialised in classifying that which is within or related to the database.

2.3.2. Data Pre-processing

Having formed a rock hyperspectral signature database, Figure 2.7 shows the next
important step in data pre-processing before training the 1D CNN. This stage involves
assigning the 1D CNN to randomly select 80% of the total data and treat it as training data.

This is called the learning process.

The next vital step is to set the 1D CNN to randomly select the remaining 50% (10%
of the total) of data and treat it as validation data. This data has the same data labels as the
training data, its function is to verify if indeed the system has gained knowledge and the ability

to recognize similarities and differences in data it had been previously subjected to (training

data).

Finally, the last 10% of the data omitted in the validation and training processes are
then treated as testing data. This data functions as a dataset used to challenge the 1D CNN and
find out its classification capabilities. In this testing process, the CNN is expected to recognize
and classify data based on the knowledge it has gained in assessing patterns and tendencies in
the previously mentioned training and validation processes. Figure 2.7 is a visualization that
highlights the data pre-processing process and how the data is randomly assigned to the

training, validation and testing processes.
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Figure 2.7: Representation of how the data was handled during the training and testing

processes (data pre-processing).

2.4. Experimental and Analytical Results

2.4.1. Findings Based on Hyperspectral Imaging

Conversional hyperspectral signatures are usually presented as single line anomalies
with specific reflectance values across the entire spectral range as presented in sections 2.4.1.1
and 2.4.1.2 for each hyperspectral image. However, this study believes this way of representing
them tends to assume rocks exist as end-member variables, which in nature, is not true as rocks
exist as variations across different end member variables. This is why this study also presents
section 2.4.1.3 where rock spectral signatures are denoted as as per image partitions, hence
every variation within each rock is accounted for by its own spectral signature. Such a
representation in turn allows extraction of the most data, thus aiding the 1D CNN to recognize
each variation which may exist within each rock (Li et al., 2017), therefore, making predictions

made by the CNN vaster and more precise.

2.4.1.1. Hyperspectral signatures as image mean anomalies

According to Debba et al. (2005), if one’s purpose is solely to obtain and analyse

hyperspectral rock signatures visually, converting or averaging the previously illustrated
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(Figure 2.6) image partition hyperspectral signatures into one anomaly is a viable way of doing
so (Figure 2.8). Though effective to a certain extent, this way of obtaining hyperspectral
signatures of rocks does not feed enough data to the 1D CNN as it requires multitudes of data
in order to learn different possible permutations (Shugao et al., 2017) a single rock may have
from having captured a single hyperspectral image of that rock. The reason for pointing this
out is because in nature, rocks do not always exist as endmember constituents but rather as
variations between two or more endmembers (Meer et al., 2012). Figure 2.8 is a representation
of rock hyperspectral signatures given as mean representative anomalies of each rock. From
these, one can easily differentiate the rocks, based on the amount of tilt, reflectance strength
peaks, and band shapes (Satadru et al., 2011). As a general trend, the volcanic rock counterparts

seem to possess a higher spectral reflectance as compared to their plutonic counterparts.
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Figure 2.8: Hyperspectral signatures of rocks as whole image average anomalies.

2.4.1.2. Compilation of all average rock hyperspectral signatures

To compare section 2.4.1.1 rock hyperspectral signatures, one may be required to do a

compilation of all the above mentioned average rock hyperspectral signatures (Figure 2.8) into
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one (Pieters et al., 2009). As Figure 2.9 shows, rhyolite has the overall highest spectral
reflectance strength, followed by granite, and andesite, across the entire VNIR range. The rest
of the rocks (basalt, granodiorite, dacite, diorite and gabbro), seem to switch positions from
450~630 nm, 630~830 nm, and lastly from 830~1000 nm, the reason being, that these rocks
interact with electromagnetic radiation differently across different ranges (Zhang & Li, 2014).

For this reason, this was an anticipated trend.
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Figure 2.9: All rock hyperspectral signatures as per rock image averages.

2.4.1.3. Hyperspectral signatures at pixel level anomalies

As a way of visualising the characteristic rock and light interactions at a pixel level
from within the VNIR range, Figure 2.10 hyperspectral signatures are typical illustrations used
to visualise these inherent reflectance signatures. Each anomaly represents a given 20 x 20
pixels block as an average spectral reflectance strength from the image scene. Based on Figure
2.10, one can appreciate the differences in spectral reflectance strength signatures attainable
from different pixels within the same hyperspectral image. Moreover, the way different rock
sample variants of the same rock exhibit different signatures combined to form hyperspectral

signatures, hence, each of the eight rock lithologies shows dispersed hyperspectral signatures.
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Taylor (2000) employed VNIR spectroscopy on their ‘Mineral and Lithology Mapping of Drill
Core Pulps’ problem and concluded that spectrometry, like XRD, provides an evaluation of
quantitative mineralogy that is very reliable. Hence, we are confident hyperspectral imaging is
very useful in our rock identification problem, as has been hypothesised. We see these inherent

differences in the spectral signatures exhibited by the rocks in our database (Figure 2.10).
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Figure 2.10: Reflectance hyperspectral signatures of eight rock lithologies employed in the

construction of a hyperspectral database. Each anomaly represents the interaction between each

20 x 20 pixels 2D area with a depth of 204 bands within a rock’s hyperspectral image with

light, captured via a Visible-Near-Infrared-Range hyperspectral camera.
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Patterns can be drawn from hyperspectral signatures, enabling one to distinguish
individual rocks and/or minerals (Bhattacharya et al., 2011). However, it is difficult to extract
a certain anomaly from each of the eight hyperspectral rock signatures and deem it the most
representative spectral signature of a particular rock and/or mineral. This can be said when for
example, examining the general spectral patterns of granite with those of diorite. Their anomaly
shapes seem rather similar in terms of resembling ‘check marks’, with some of them displaying
comparable reflectance intensities even; the same can be said when comparing gabbro
signatures with those of andesite (Figure 2.10). Having seen the advantages and disadvantages
of hyperspectral signatures employed as a means for rock and/or mineral classification, one
can acknowledge that there is a need to employ a method by which these anomalies may be
objectively and quantitatively analysed. This would allow for better comparisons and
distinguishability of rocks and/or minerals via their hyperspectral signatures, which is what the

1D CNN will be set to improve.

2.4.2. Rock 1D CNN Prediction and Classification

Three 1D CNNs were set out to perform 3 vital tasks, training and classifying plutonic
rocks (task 1), training and classifying volcanic rocks (task 2), and lastly, training and
classifying all igneous rocks (task3). From what the results of the training and validation
processes were able to present, all three 1D CNNs were indeed able to classify rocks
accordingly with high accuracy and precision ratings (Figure 2.11, 2.12 and 2.13). For a CNN
to be referred to as accurate and robust at making predictions, there are a number of
prerequisites to satisfy. First, validation accuracy results after the training process has been
performed need to be high, which in this study was achieved as the 1D CNNs had a prediction
accuracy of 88.2% for plutonic rocks, 74.3% for volcanic rocks, and 96.4% for all igneous
rocks. These high percentages communicate the prediction capabilities of the three 1D CNNs

(Peng et al., 2017). Hence making it viable for rock discrimination from hyperspectral images.
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As a general observation, the 1D CNN classifying all eight igneous rocks outperformed the
CNNs whole tasks were to classify plutonic and volcanic rocks only, which is not surprising

as the larger a dataset is, the better the classification accuracies.

The second vital variable communicated by the 1D CNN training progress is the cross-
entropy loss function plot (Figure 2.11, 2.12 and 2.13), which is defined as a measure of the
difference between two probability distributions for a given random variable or set of events.
Therefore, with more information, the lower the probability event, which could be thought of
as surprising, whereas, the lesser the information, the higher the probability event, which could
be thought of as unsurprising. This plot shows the state of the CNN in the sense that it maps
out the cumulative number of times in which the CNN was unable to obtain correct answers
during validation (Portia et al., 2016). It is presented as a cumulative relationship as it shows
how the number of training steps employed during training relates to the number of times the
CNN gains familiarity with the data presented to it, hence, like a brain, with more training steps
or iterations involved in training the network, the more accurate the network becomes at
predicting and classifying data accordingly. Another aspect presented by the loss function plot
is how robust the CNN is. The robustness of a CNN dictates how stable the entire network is
when making predictions from the point data is imported into the system, through the multiple
hidden layers, to the output layer (Shugao et al., 2017). This is shown by how quick the CNN
loss function graph reaches and maintains a low loss value from the time the network

commences the training process, till it is completed.

However, it should be noted that both validation and loss functions can be improved at
any time via hyperparameter tuning, by defining the number of iterations the network is to run,
and the amount of data the network runs per iteration (batch number). This offers the flexibility

to improve the network as more data is introduced into the CNN for database expansion or
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further classification (Landgrebe, 1999) of unknown rocks; and predicting what they may most

likely to be based on the already learnt data in the database.
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Figure 2.11: Plutonic rocks training progress showing a high validation accuracy of 88.2 %

and a low loss function plot.
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Figure 2.12: Volcanic rocks training progress showing a high validation accuracy of 74.3%

and low loss function plot.
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Figure 2.13: Igneous rocks training progress showing a high validation accuracy of 96.4 %

and low loss function plot.

Having established that the networks are indeed robust and highly capable of making
high accuracy predictions from the hyperspectral igneous rock images, one is now able to read
in detail the results presented by the 1D CNN models. With a focus on the plutonic rock,
volcanic rock all eight igneous rock 1D CNN model confusion matrix results, the CNNs were
able to classify plutonic rocks with an average per-class precision of 89.1%, as well as 82.6%
for the CNN model responsible for classifying the volcanic rocks. Lastly, the igneous rocks’
average per-class precision was 87.9%. Based on these outputs, the plutonic rock CNN model
outperforms the other two models, which could be attributed to their crystal sizes as these rocks
formed below the earth’s surface. These confusion matrix output values are obtained from the
previously mentioned testing process. The network attempts to match unknown or unlabelled
data with what it has leant during the training and validation processes, these results show the
true and more detailed prediction precision capabilities of the CNN at distinguishing individual

plutonic rocks amongst other plutonic rocks (Figure 2.14), individual volcanic rocks amongst
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other volcanic rocks (Figure 2.15), as well as individual igneous rock among our igneous rocks

(Figure 2.16).

To further assess the viability of the performances of the three 1D CNNs in classifying
plutonic, volcanic and igneous rocks, Figures 2.14, 2.15 and 2.16 respectively, present two
performance metrics. The first is True Positive Rates (TPR), defined as the probability that an
actual positive will test positive (Equation 1). The second is False Negative Rates (FNR),
defined as the probability that a true positive will be missed by the test (Equation 2). Both

variables are highly viable in assessing the capability of the 1D CNNs.

True Positive Rates (TPR):

TP
TPR=100 (——) ()
False Negative Rates (FNR):
FN
FNR =100 (TP+FN) @)

where FN is false negatives and TP is true positives.

For plutonic rocks only (Figure 2.14), the 1D CNN has an average per-class precision
(TPR) of 89.1%, with gabbro prediction being the highest performance as TPR of 95.6% and

the least with granodiorite at TPR of 84.3%.

For volcanic rocks only (Figure 2.15), the 1D CNN has an average per-class precision
(TPR) of 82.6%, with dacite prediction being the highest performance as TPR of 100% and the
least with basalt at a TPR of 65.5%. Based on Figure 2.3(ii), the low basalt prediction could be
attributed to the chemical differences existing between basalt and the other volcanic rocks,
which could have influenced the 1D CNN to give more priority to the other volcanic rocks

when training and outputting the model, hence the results.
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precision (TPR) of 87.7%, with granodiorite and gabbro predictions being the highest
performance as TPR of 97.7%, which is significantly higher than the previous 84.3% (Figure
2.14) from having trained the CNN with input data being only plutonic rocks. In addition, the
least prediction capability was attained in classifying dacite at a TPR of 78%. Based on Figure
2.9, this could be attributed to the manner in which the dacite spectral anomalies possess a
trend unlike the other rock, which could have meant the 1D CNN algorithm gave it less priority
in developing a final model to classify all eight igneous rocks. From these quantitative
assessments, one can appreciate the extent to which a DL 1D CNN such as the ones employed
in this study can be used to objectively classify rocks based on their hyperspectral signatures.

Table 2.1 is a summary of all three 1D CNNs model capabilities.

True class

Diorite 84.3% 7% 2.6% 6.1%
Gabbro 4.4% 95.6% 0% 0%

Granite 4.1% 0% 93.2% 2.7%
Granodiorite 11.1% 5.6% 0% 83.3%

Diorite Gabbro Granite

Predicted class

Figure 2.14: Post training plutonic rocks confusion matrix.

True class

Andesite 96% 0% 4% 0%
Basalt 23.3% | 65.5% 5.2% 6%
Dacite 0% 0% 100% 0%
Rhyolite 7.1% 4.8% 19.1% 69%

Andesite Basalt  Dacite Rhyolite

Predicted class

Figure 2.15: Post training volcanic rocks confusion matrix.
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Andesite 97.4% 0% 0% 2.7% 0% 0% 2.7% 0% 94.9% 5.1%
Basalt 14.3% 81.3% 1.1% 2.2% 1.1% 0% 0% 0% 81.3% 18.7%

w  Dacite 0% 2% 78% 2% 0% 4% 8% 6% 78% 22%
< Diorite 1.7% 0.9% 0% 84% 6.7% 4.2% 2.5% 0% 84% 16%
% Gabbro 0% 0% 0% 2.3% 97.7% 0% 0% 0% 97.7% 2.3%
= Granite 0% 0% 0% 4.1% 0% 90.3% 2.8% 2.8% 90.3% 9.7%
Granodiorite 0% 0% 0% 0% 2.3% 0% 97.7% 0% 97.7% 2.3%
Rhyolite 5.1% 5.1% 5.1% 0% 2.6% 0% 2.6% 79.5% 79.5% 20.5%
Andesite Basalt Dacite  Diorite Gabbro  Granite Granodiorite Rhyolite TPR FNR

Predicted class

Figure 2.16: Post training igneous rocks confusion matrix.

Table 2.1: Results of the deep learning data, acquired from the hyperspectral signatures of the

plutonic and volcanic rocks.

Global accuracy Average per-class  Training time

Input dataset

(%) precision (%) (minutes : seconds)
Plutonic rocks 88.2 89.1 1:25
Volcanic rocks 74.3 82.6 2:06
All 8 igneous rocks 96.4 87.9 25:43

2.5. Discussion

Figure 2.17 and 2.18 are summarized comparisons between the three 1D CNN model
classification capabilities in terms of global accuracy and average per-class precision, as well
as individual rock TPRs respectively. Based on Figure 2.17, the 1D CNN responsible for the
classification of plutonic rocks only is the best performer followed by the CNN tasked with
classifying all eight igneous rocks, and the least performer being the volcanic rock CNN model.

the CNN models perform better than the ML models across all 3 flight elevations.

Based on Figure 2.18, if one’s goal is to find the best 1D CNN model to classify
individual rocks within this database based on their hyperspectral signatures, the best models

would be as follows:
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e andesite, 96% with the plutonic rocks 1D CNN model,

e basalt, 81.3% with the all igneous rocks 1D CNN model,

e dacite, 100% with the volcanic rocks 1D CNN model,

e diorite, 84.3% with the plutonic rocks 1D CNN model,

e gabbro, 97.7% with the all igneous rocks 1D CNN model,

e granite, 93.2% with the plutonic rocks 1D CNN model,

e granodiorite, 97.7% with the all igneous rocks 1D CNN model,

e rhyolite, 79.5% with the all igneous rocks 1D CNN model.

Overall, the eight igneous rocks 1D CNN performs better in classifying most of the
rocks as compared to classification via the plutonic and volcanic rocks 1D CNN models. This
could be attributed to the large size of the dataset used to train this model, hence confirming
the previous statement that states, that the larger the data, the better the deep learning

classification capabilities.

1D CNN accuracy and precision classification

capabilities
100
20
80
70
60
50
10
30
20
10
0
1D CNN global accuracy 1D CNN per-class precision
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Figure 2.17: Post training global accuracy and average per-class classification capability

comparisons.
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Figure 2.18: Post training model comparisons per rock in the database.

As a recap, the results suggest that indeed the deep learning CNN system is capable of
separating or distinguishing rocks based on their hyperspectral signatures as demonstrated by
the employed closely related plutonic and volcanic rocks. This is supported by the high
classification output percentages which suggest high levels of feature recognition post network
training. With further improvements such as the input of more data and the continuous
tweaking of the network algorithm to improve output results, the use of hyperspectral
signatures of rocks together with deep learning CNNs can potentially be a viable and
technologically advanced way in which rock classification and identification can be carried
out. With that said, the advantage of employing hyperspectral imaging and a 1D CNN for rock

discrimination as demonstrated can be listed as;

e database creation with the option of continued future expansion,
e high discrimination capabilities with minimal error,
e the option of network improvement as more data is imported, and

e viability for employment in any rock engineering works that require such capabilities.
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2.6. Conclusion

It can therefore be concluded that the combination of hyperspectral imaging of rocks
with deep learning into one system, is a viable way in which future industries could base their
rock discrimination and/or prediction problems. This study has demonstrated this by creating
robust and highly accurate systems with network accuracy values of 88.2%, 74.3% and 96.4%
for plutonic, volcanic and eight igneous rocks within the hyperspectral database respectively.
With the option of database expansion and network upgrading with every data imported, this
integrated system makes more sense in this digital world where every action is data intensive

and requires low or minimal error for every processing action performed.

Having analysed and interpreted the spectral signatures of the rocks and quantified the
results in terms of how much spectral recognition the system is able to detect, it is safe to come
to the deduction that indeed hyperspectral signatures of rocks are a viable method in which
rock delineation based solely on the amount of light they reflect across a given spectral range
and bands and a highly capable DL 1D CNN can be performed. This is moreover supported by
the exceptional prediction precision capabilities the 1D CNNs were able to attain; where
plutonic, volcanic and all eight igneous rock predictions were 89.1%, 82.6% and 87.9%

respectively.

In short, the main advantages of deep learning are as follows; less complicated feature
representation from raw pixels, large-scale learning, and the ability to set desired parameters
within the deep learning algorithms. With the above said, hyperspectral imaging and CNN
based deep learning methods combine to form a state-of-the-art, feature and parameter learning
technique which is worthy to be employed in any mining, rock or geological engineering work
that depends on fast, accurate and overall efficient rock classification techniques of the

‘computer age’.
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CHAPTER 3: Coupled with Machine Learning, Achieving Specialized
Rock Multispectral Imaging via Dimensionality Reduction from

Hyperspectral Imaging

In an attempt to classify rocks based on their hyperspectral signatures as well as deep learning
models as presented in Chapter 2, the following limitations in the methodology were realised:
Hyperspectral signature processing requires high-grade computational resources; hyperspectral
signature processing subjects one to analysing redundant feature bands; deep learning
algorithms require a large magnitude of data in order to perform accurate pattern recognition.
Therefore, this chapter assesses the dimensionality reduction of 204 hyperspectral imaging
bands via Neighbourhood Component Analysis, to 5 specialized multispectral bands.

Quantitative system capabilities are presented via machine learning models.

3.1. Introduction

Though the hundreds of spectral bands in hyperspectral imaging provide a multitude of
highly detailed data (Galdames et al., 2019), this data suffers from what is referred to as the
‘dimensionality curse’. This is defined as the inability to visualise such depth possessing data
structures (Ruiz Hidalgo et al., 2020). Moreover, Tong et al. (2017), highlight that though deep
neural networks acquire high accuracy results, executing them is computationally costly and
time-consuming, deeming them highly difficult to employ in rapid on-site investigations
(Sinaice et al., 2020). To counter these shortcomings, this paper is a proposal whose attempt is
to improve the application of rock spectral imaging by converting from hyperspectral imaging
to multispectral imaging (Sharma et al 2021), this will be performed through dimensionality

reduction (DR) via Neighbourhood Component Analysis (NCA). Lastly, employing different
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Machine Learning (ML) models whose purpose is to access the attainable rock discrimination

capabilities based on the NCA selected bands.

Other than this, with NCA, engineers should hypothetically be able to convert from
using highly detailed hyperspectral data together with its often-redundant datasets (Goldberger
et al., 2004), to using more specialised multispectral datasets. This specialisation can be set
such that the multispectral bands focus on detecting specific phenomena, these being specific
rocks, minerals, ores, tailings, dam metal contaminants, and more. Moreover, NCA can be used
in determining the most important criteria (Venna, 2021) in mining, ore processing, quarrying,
geological, and geotechnical assessments. This is through assigning feature weights (Venna,
2021) to datasets, such as rock hardness, presence of clay minerals, weathering intensity and
water content, amongst others. These weights consequently allow for the elimination of

redundant data based on the intended applications of such data (Saha and Annamalai, 2021).

Having determined the specific bands viable to discriminate a certain rock and/or
mineral database, or equivalent via NCA, the selected features or multispectral bands can be
accessed via various machine learning (ML) models to determine the distinguishing
capabilities of such models. Their performances are usually judged based time required to train,
global accuracies and sub-class precisions (Salles et al., 2017; Kruze, 2012). Thereafter,
engineers should potentially be able to commission the construction of a multispectral sensing
device built using the best performing ML model. Consequently, making this integrated system
a novel method in which specific rocks, minerals and other phenomena can be classified via a
specialised multispectral sensor. Advantages of such would include improved remote sensing,
which in turn improves workplace safety, traceability of data and results, and the overall
optimisation of the classification system. As one can imagine, our proposed method is not only
limited to mining industry applications, and it has the potential to be employed in multitudes
of other industries, such as in agriculture, forensics, biology, and banking, among others.
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To understand the technicalities of this proposed integrated system (Figure 3.1), we will
explain each of these technologies and how they have been previously applied by other
researchers in Section 2. Having defined the ideal number of spectral bands whose position
within the electromagnetic spectrum will be determined by NCA, these said bands can
potentially be employed in multiple areas within the mining industry. One of such potential
applications is the development of 5-band-multispectral sensing cameras mountable on
unmanned aerial vehicle (UAV) drones because current industry standards for in-situ
classifications related to the state of the environment are usually limited to 5-bands. Therefore,
our paper will aim to satisfy the current 5-band multispectral production camera and drone
trends, yet still demonstrate the different ways in which this integrated system can be taken

advantage of in mining, rock and mineral engineering industries and/or studies.

Rock hyperspectral signatures from a 204 band/dimension camera
D1vs. D2 vs. D3 vs. D4 vs. D5
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Figure 3.1: The proposed system design, consisting of hyperspectral imaging, dimensionality
reduction via Neighbourhood Component Analysis, Machine Learning classification of rocks

and minerals to test system viability based on the selected features, and finally employing those
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features together with the ML model in developing a unmanned aerial vehicle drone-mountable

multispectral camera.

3.2. Methodology for Coupling Dimensionality Reduction with Machine Learning

3.2.1. Hyperspectral Imaging

As previously covered in Chapter 1, Hyperspectral imaging, as defined by researchers
(Zhang and Li, 2014; Salles et al., 2017), refers to the collection of hundreds of pixel-scale
imagery information pertaining to a subject from within the electromagnetic spectrum. When
an image is captured using a hyperspectral camera, such as our 204 bands Specim IQ capturing
camera, information pertaining to the subject’s interaction with light is recorded (Ganesh et al.,
2017). This makes each of the 204 VNIR spectral bands receive a specific signal within each
of the approximately 3 nm wide spectral bands. It should be mentioned that camera
specifications may differ in terms of the number of spectral bands per spectral range provided
by a certain manufacturer. This, in essence, affects the width of each spectral band, it however

does not affect the underlying signatures exhibited by specific rocks and minerals.

Having said this, it is evident that analysing hyperspectral data requires sophisticated
analysis software. This is because this type of data is computationally costly to analyse, due to
the depth of information bands it possesses—often referred to as dimensionalities (Ruiz
Hidalgo et al., 2020), hence the term dimensionality-curse (Ruiz Hidalgo et al., 2020; Li et al.,
2021, Li et al., 2021). To counter this phenomenon, a method referred to as DR needs to be
applied to reduce or eliminate redundant information. Doing so requires a selection of the most
representative spectral bands, able to distinguish rocks within our database without affecting

or altering their inherent spectral signature differences.
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3.2.2. Dimensionality Reduction

DR techniques have in the last couple of decades been a topic of interest for researchers
working in computational statistics (Zuniga et al., 2021). It is a key technique in data analysis,
aimed at revealing expressive structures and unexpected relationships in multivariate data
(Koren and Carmel, 2004; Zheng et at., 2015; Yang et al., 2012; Tuttal et al., 1995;
Ramamurthy et al., 2020). It should, however, be noted that, in general, it is not possible to
preserve all pairwise relationships between data points in the DR process (Venna, 2021). DR
is used for many purposes; it is beneficial as a visualisation tool to present multivariate data in
a humanly accessible form (lower dimensions). Moreover, DR can be applied as a method of
feature extraction, and as a preliminary transformation applied to data, such as our rock
hyperspectral database prior to the usage of other analysis tools like clustering and

classification (Bar-Hillel et al., 2005).

There are many criteria that can be used to sort the various methods of DR. With our
objective being a classification task, the aim of our DR is, therefore, to project high-
dimensional data points in a low-dimensional subspace whilst keeping most of the ‘intrinsic
information’ contained in the original data preserved. This, in principle, keeps the within-class-
sample compactness and between class-sample distinguishability (Zhang et al., 2016). The
success of which means that a low-dimensional presentation of original data may provide

enough information for classification.

3.2.2.1. Supervised vs Unsupervised Dimensionality Reduction Methods

Several DR techniques that reduce the size of the data table, while minimising loss of
information have been studied, all of which can describe the essence of the primary data
generated. Among these numerous methods, principal component analysis (PCA), linear

discriminant analysis (LDA) and maximum margin criterion (MMC) are the most famous ones
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because of their simplicity and effectiveness (Hu et al., 2021). Due to the nature of our data,
we found that, geometrically, feature extractors based on the maximum margin criterion
(MMC) maximise the (average) margin between classes after dimensionality reduction. This
would not improve our research as our goal is to use machine learning for this task (Hu et al.,
2021). On the other hand, the linear discriminant analysis (LDA) method operates by finding
a linear combination of input features (Scholkopf et al., 1998). However, the performance of
LDA is degraded when encountering limited available low dimensional spaces and singularity
problems, which is one of the disadvantages of LDA (Hu et al., 2021). Lastly, PCA is a linear
dimensionality reduction technique that transforms a set of correlated variables into a smaller
number of uncorrelated variables called principal components, while retaining as much of the
variation in the original dataset as possible (Hu et al., 2021; Kalia et al., 2020; Jiang and Li,

2017).

In addition, sometimes the performance of these methods is limited, as these methods
are often unsupervised. Therefore, these methods only use the global structure of the sample,
while ignoring the local structure, which are extremely important in helping improving the
discrimination of the sample in the projection space. To improve on this, we have employed a
supervised NCA method. The assumption is, with this supervised method, the outcome of
interest informs the DR solution—this occurs because this method naturally considers the local

structures and their labels (Kalia et al., 2020).

3.2.2.2. Why Employ NCA

While PCA is one of the most commonly used approaches for DR, the method does not
reduce the number of variables (Jiang and Li, 2017; Raghu at al., 2018; Qin et al., 2014). The
analyst chooses the number of components to include in analyses based on a prior defined

criterion. For example, looking at the screen plot, selecting components with eigenvalues above
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one, or selecting the number of components that explain a prespecified proportion of the
variance in the data (Hu et al., 2021). Because PCA forces orthogonality between components,

it imposes a rigid structure (Hu et al., 2021; Kalia et al., 2020).

NCA, on the other hand, performs better both in terms of classification performance in
the projected representation and in terms of visualisation of class separation as compared to the
standard unsupervised methods. Moreover, regarding NCA, one can substantially reduce the
costs, storage, search, running and time spent on waiting at the test phase by forcing the learned
distance metric to be low rank. This, therefore, favours its potential application in real-time

field analyses (Liu and Chen, 2006).

NCA is a distance-based feature weighting, non-parametric supervised method, it
works by automatically selecting the most significant features (Goldberger et al., 2004; Jiang
and L1, 2017). To calculate the correlation between features and target, a Mahalanobis distance-
based fitness function is used. The weighting of features is carried out as follows; initial
weights are assigned randomly, thereafter, weights are updated using the stochastic gradient
descent or ADAM optimisation method and Mahalanobis distance-based function, hence
positive weights are generated for each feature (Goldberger et al., 2004; Jiang and Li, 2017;

Liu and Chen, 2006).

Though Goldberger et al. (2004), applied their NCA algorithm for face recognition,
they too mention that the NCA algorithm learns a training set distance metric, and can improve
k-NN classifications, hence achieving very good performance. Koren & Carmel (2004) further
support the employment of an NCA model by saying it provides a linear transformation model
that optimises the performance of k-NN in the learnt low-dimensional space. These said
advantages influenced our desire to employ NCA in distinguishing rocks from within our rock

hyperspectral database.
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However, researchers (Koren and Carmel 2014; Goldberger et al., 2004; Liu and Chen,
2006; Kartun-Giles and Bianconi, 2019) note that unlike the common PCA method, which is
both convex and has an analytical solution, another key difference distinguishing the two is
that NCA is a non-convex optimisation problem. This means every time one runs NCA, they
may get a different solution, and like K-Means and other non-convex algorithms, it is advisable
to run it more than once and take the best solution. Hence, our paper presents the best NCA
bands from having run NCA multitudes of times and selected features that express themselves
most frequently. Researchers (Koren and Carmel 2014; Liu and Chen, 2006) explain this by
noting that this occurs as NCA components are not ordered nor dependent on the chosen target

dimensions.

This, however, is not a drawback as run times are extremely short. Moreover, once the
number and specific band positions have been specified, subsequent classification tasks require
significantly less storage, fewer test times, and the redundant bands are eliminated along with
their datasets. These chosen components (spectral bands) are, therefore, assumed to be the most
sufficient in determining the rocks within, or related to, a said database. These said sample
signatures may include mine, laboratory or environmental rock spectral signatures, such as in

our case.

3.2.3. Why Machine Learning?

Though NCA provides the opportunity to ignore redundant data-heavy bands, it does
not provide any information related to the retained classification accuracy, hence the need to
employ an ML algorithm(s). We use ML for multitudes of data-related tasks or problems. It
has grown as a subdomain of Artificial Intelligence (Al) that comprises models capable of
deriving useful information from data and utilising that information in self-learning that aids

in making good classifications or predictions (Sinaice et al., 2020, Sharma et al., 2021). ML
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has gradually gained popularity, due to its accuracy and reliability (Gunduz, 2021). Improved
hardware and software components of machine vision systems have aided in building ML
algorithms that process data faster and give reliable decisions in very little time (Saha and
Annamalai, 2021). Since we are dealing with a classification problem with labelled data, we
employed and compared several supervised ML algorithms. Supervised learning requires
learning a model from labelled training data that helps in making classification or predictions
about the future data (Saha and Annamalai, 2021; Jain et al., 2018). Supervised, in essence,
indicates sample sets in which the desired output is known. In other words, the labelling of data

is done to guide the machine to look for the exact desired pattern.
3.3. Practical Experiments
3.3.1. Capturing Rock Hyperspectral Signatures

As previously covered in Chapter 2.3.1., this Chapter employs the same data from the
32 different igneous rocks belonging to eight rock lithologies (four samples per lithology),
namely, granite, diorite, gabbro, granodiorite, rhyolite, andesite, basalt and dacite. By

combining the hyperspectral signatures from all the 8 rock lithologies, Figure 3.2 is formed.

F— 204 spectral bands —ﬁ

Reflectance spectral strength

400 500 600 700 800 900 1000
Wavelength (nm)

Figure 3.2: A hyperspectral signature database with 204 dimensionalities from within the
VNIR.
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Figure 3.2 is an illustration of all the high dimensional spectral signatures used to create a single
database. Since each spectral band represents a single dimensionality, the data in this database

is said to possess 204 dimensionalities from within the VNIR.

3.3.2. Selecting the Appropriate Feature Bands

As previously mentioned in Section 2.2, the common problem that may arise during a
DR process is defining how many features to select for analysis. This is often dictated by the
purpose of employing such a DR method. In this paper, based on the currently available
industry produced spectral imaging devices, such as the ‘DJI P4 multispectral drone’ used in
agricultural applications and environmental monitoring, our objective was to identify the
appropriate rock classifying multispectral bands. From these bands, it would then be easier to
develop a UAV drone-mountable multispectral sensing camera specialised in classifying rocks

and minerals.

To achieve this, we convert heavy hyperspectral imagery classification data to less
heavy multispectral classification data to meet weight restrictions, industry standards and
production costs of developing such a device. This conversion is performed in consideration
of the rocks and/or minerals from which subsequent multispectral data collection, such as from
a UAV drone-mounted multispectral camera, is to be recorded and classified for a plethora of

rock engineering purposes.

Transitioning from high dimensional hyperspectral to low dimensional multispectral
data is not without challenges. The selection of a suitable method according to the type of data
is a big issue that often needs to be addressed. It is essential to find a suitable mechanism to
attain the highest level of accuracy when comparing the outputs of different DR techniques.
Since it is well documented that supervised methods generally outperform unsupervised

methods, we employed the NCA DR technique as it is a supervised and highly acclaimed
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method. As a way of determining the significance of employing the 204 spectral bands with all
‘redundant features’, we used our NCA algorithm to eliminate and record the attainable output
accuracies in classifying the rocks. This was based on the full 204 feature bands, down to 100,
50, 25, 10, and finally, the current UAV drone-mountable multispectral 5-band feature
classification bands. NCA DR eliminates redundant information by assigning each

dimensionality from within the hyperspectral signatures a feature weight (Figure 3.3).

From 204 bands to 5 bands

Dimensional reduction via
selection of most important
bands

Figure 3.3: A hyperspectral signature database with 204 dimensionalities from within the

VNIR.

As (Goldberger et al., 2004; Jiang and Li, 2017) researchers have mentioned before,
finding the relevant and important features is a problematic task. It entails domain knowledge,
and human expertise to extract the most relevant features for future processing and selection of
ML models for classification (Sharma et al., 2021; Gunduz, 2021; Jain et al., 2018). Employing
NCA, however, makes this process easier as the algorithm assigns feature weights to each of
the dimensions, thereby highlighting the most relevant features/bands for such a database.
Having employed NCA to select the most relevant features that contribute most to the
prediction (dependent) variable, the final step entails exporting the selected features into an
ML model. The model is then trained, thereafter, we can determine the classification

capabilities based solely on these feature bands.
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3.3.3. Post-NCA Classification via ML

To commence with the post-NCA classification task, we begin by preprocessing our
data based on the number of spectral bands intended to be used in the rock and mineral
classification task. For the initial training and classification, 100% of all the 204 spectral band
signature data is employed for classification—this acts as a control task. Thereafter, depending
on NCA feature weights, only the high-feature-weight possessing spectral bands are employed
in succeeding classifications, which in essence means discarding the rest of the data that is
deemed redundant. By doing this, we decrease data storage costs, as well as take a step towards
developing a field applicable multispectral band camera. The classification was performed for
204-bands, 100, 50, 25, 10 and 5-bands using various ML models, thereby allowing for

classification accuracy checks for the various band reductions.

3.4. Experimental and Analytical Results

3.4.1. Findings Based on NCA

NCA is a method that seeks to identify and down-scale global unwanted variability
within the data. The method changes the feature space used for data representation by a global
linear transformation referred to as a Mahalanobis metric, which assigns large weights to
relevant dimensions which are the most discriminatory spectral bands (Goldberger et al., 2004).
Consequently, low weights are assigned to irrelevant dimensions, which we can, thus, refer to
as less discriminatory spectral bands (Liu and Chen, 2006). These relevant dimensions are
estimated using a subset of points that are known to belong to the same although unknown
class, also referred to as chunklets (Bar-Hillel et al., 2003). These chunklets are obtained from
equivalence relations by applying a transitive closure within the algorithm. This transformation
is, therefore, intended to reduce clutter, so that in the new feature space, the inherent structure

of the data can be more easily unravelled (Ayesha et al., 2020).
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The mathematical transformation from Figure 3.2 to 3.4 originates from the Goldberger
et al. (2004) cost function from stochastic neighbour assignments in the transformed space
whose function is to learn the neighbourhood components (Equation 3-6). More precisely, for
each point x;, it selects another point x; as its neighbour with the probability p;;. Hence, x; would
be classified as the label of point x; with the same likelihood. The definition of p; with

Euclidean distance is represented by Equation 3 in the softmax structure.

exp (—||Axl- —Ax]-||2)

)
2
—Ax; —AX;
D o2 (llax; -ax)|*)

pij = pi =0 (3)

where A is the matrix that needs to be learnt for transforming the input data linearly.
Based on such a stochastic neighbour assignment structure, the probability that point x; would

be classified correctly is computed as follows (Equation 4):

p=) (4)
JEC;

where C; represents the set of points that have the same class label as point x;, and c¢;
denotes the class label of point x;; then, we define this set as Ci= {j|c;= ¢;}. The objective
function of NCA is thus shown in Equation 5, which is also the expected number of points that

are correctly classified.
FD=% ) py=Zin )
JEC;

To maximize the objective function, the common method is to use a gradient-based
optimizer according to the derivative of f{4). When we denote that x; = x; — x;, then the

derivative of f(4) with respect to 4 is derived in Equation 6.

of
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Based on Figure 3.4, our NCA algorithm flawlessly reduced the dimensionality space
of the hyperspectral signatures. We are, therefore, able to compare the different projection
graphs of each of the 5-bands against one another in 2D spaces, hence mapping or visualising
the manner in which the rocks plot at these chosen high classification dimensionalities. Results
from the NCA algorithm in Figure 3.4 show that there are multitudes of spectral bands that one
would refer to as relevant as they possess a substantial feature weight relative to the rest.
Depending on the computational resources an entity or individual possesses, the number of
spectral bands one desires to employ for future classifications having done away with
redundant bands is upon the user. Having said this, we used Figure 3.4 to select the most rated

bands as we can indeed see the redundancy in some of the feature bands.

Feature weight

50 100 150 200 250
Spectral bands

Figure 3.4: Neighbourhood Component Analysis feature selection which assigns higher
weights to the most discriminatory hyperspectral bands by eliminating redundancy in data, with

the top five feature-bands being 14, 46, 116, 133 and 169.

As stated in Section 3.3.2, our intended use of the most representative feature bands
requires S-bands which, according to Figure 3.4, are located at positions 14, 46, 116, 133 and
169 from the 204 feature bands of the VNIR. From these selected feature band positions, we
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can then convert these positions into electromagnetic wavelength bands. Doing so, we get 441
nm, 535 nm, 741 nm, 791 nm and 897 nm as the most discriminatory spectral bands for our
rock database. It should be noted that, considering each of these spectral bands is approximately
3 nm wide, a system designed to classify rocks based on these five spectral bands would have
an error of = 3 nm, as stated in Section 2.1. Having said this, we can safely say our NCA
algorithm flawlessly assigns feature weights to high dimensionality hyperspectral data. This
allows the user to select the number of spectral bands they wish to employ based on NCA

assigned feature weights.

DR is the transformation of data from a high-dimensional space into a low-dimensional
space so that the low-dimensional representation retains some meaningful properties of the
original data, ideally close to its intrinsic dimension. From this statement and having selected
the now five multispectral bands to employ in future classification problems related to our data,
our NCA breaks down the hyperspectral signatures. This allows for visualisation in 2D spaces
whose X and Y planes are the NCA-defined spectral bands with the highest feature weights, as

shown in Figures 3.5 and 3.6.

It should be noted that there are numerous ways in which these (Figure 3.5 and 3.6)
dimensionally reduced band-by-band projections can be interpreted. Starting with the relative
reflectance spectral strength scatter plots (normalised to 1), where each point represents the
relative reflectance spectral strength of each rock sample’s previously extracted 20 x 20 pixels
averages. The area within which every point plot within the scatter plots is governed by the
relative spectral strength between its (previously extracted 20 x 20 block averages) spectral
reflectance strength within its respective spectral band (for example, band 14), in relation to
the other band (hence 2D), as well as in relation to the other seven rocks (eight in total). Having
said this, the point with the highest relative spectral reflectance strength in these three
categories (respective band, other band and other rocks) would plot at the rightmost region of
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the scatter plot. Having plotted these points, the relative frequency histogram sums and
summarises the frequency densities of the points from 4 scatter plots into 1 (Figures 3.5 and
3.6). Since these histograms are also relative, the most densely populated rock points are
normalised to 1. From interpreting the relative scatter and histogram plots, we can assess the

spectral reflectance strengths of rocks in lower, dimensionality reduced, 2D planes.

Here, is an example of interpretations deducible from Figure 3.5 where band 14
occupies the x-axis, and bands 46, 116, 133 and 169 occupy the y-axis. From band 14's
histogram (leftmost), we can make the following assumptions based on the number of rock
spectral reflectance strength points summarising the scatter plots directly below it. Gabbro has
the highest relative density of points (hence, the highest peak), meaning this rock has the
highest concentration of points located within the further right small patch area of band 14.
This is supported by the four scatter plot projections at bands 46, 116, 133 and 169, where we
can see a similar dense cluster of gabbro data points (pink colour) located at this said location
of the relative scatter plot projections (Figures 3.5 and 3.6). Within the same patch of area, we
see that the next densely populated points belong to basalt and andesite, where basalt shows a
slight edge over andesite. Below these point frequency densities, we find diorite, followed by

rhyolite, granodiorite, granite and dacite as the least dense.

However, we see a difference in the density of points for the histogram bar on the
immediate left to the previously described. The frequency of points starts from diorite as the
most densely populated within this small area. This is followed by basalt, dacite, gabbro,
granodiorite, a tie between andesite and rhyolite, and granite as the least dense. Within the
same band 14 projection against other bands, we can see a relatively equal frequency density
of data points within the first half (left to the middle) of the projection for seven rocks. This is
with the exception of granite, which has a higher density of points within this wide area.
Therefore, we can make similar assessments of data points for the 46, 116, 133 and 169 bands,
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as the x-axis and draw different patterns based on the frequency and location of rock relative
reflectance strength points. Having said this, we can safely say, based on Figures 3.5 and 3.6
relative scatter and frequency histograms—thus, we can make predictions on future rock

identification problems related to those of our study.

Hence, should new data, related to our rock database with similar multispectral bands
(441 nm, 535 nm, 741 nm, 791 nm and 897 nm), be introduced, we expect such data to exhibit
similar patterns as the rocks we have assessed. This may be in terms of relative frequency
density relationships, or areas within which such rock relative reflectance spectral strength
points are expected to exist. From these density histograms and scatter plots, we can make one
more assumption. The more the frequency of data points exist within a small area, the easier it
is to identify with a naked eye such rock relative points based on the scatter plots. The opposite
is true for scattered data points. As much as NCA can reduce dimensionality, visual rock
identification based on Figures 3.5 and 3.6 patterns alone is time-consuming and prone to some
human error. Hence, there is a need to employ objective ML models which can draw patterns
faster and more accurately. Moreover, ML models give feedback with regard to the best rock

delineation strategies.

The normalized eigenvectors (relative frequency scatter and histogram plots) in Figures
3.5 and 3.6 are nothing but eigenvectors having a unit length. Thus, each normalized
eigenvector can be found by simply dividing each component of the vector by the length of the
vector. By doing so, the vector is converted into the vector of length one. Ayesha et al. (2020)
refer to this representation as eigendecomposition, where decomposing a matrix means that
one intends to find a product of matrices that is equal to the initial matrix. As a result, via NCA,

the initial matrix is decomposed into the product of its eigenvectors and eigenvalues.
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3.4.2. Classification with ML, Post-NCA

Supervised learning uses an algorithm that requires external help. The provided input
database is automatically separated into training and testing datasets. The output variable is
predicted or classified from the training database. Algorithms try to learn some shapes during
training of the database and implement these learnt patterns to the testing database, which
provides results in relation to the learnt patterns (Saha and Annamalai, 2021; Gundu, 2021;

Jain et al., 2018). From these output results, we can evaluate the performance of each algorithm.

As shown in Figure 3.7, a 5-folds-cross-validation (6825 divided 5) was used to process
the data at all times, resulting in 1365 samples (including all eight rock lithologies) being used
in each set. This ensures that every observation set (with each of the eight rocks contributing)
from the original dataset has the chance of appearing in training and test sets as the ultimate
goal is to classify entire rocks (Figure 3.7). This method generally results in a less biased model
compared to other methods, it is said to be one of the best approaches whenever there is a
limited amount of input data (Jain et al., 2018). Since the number of samples is 6825 (rows), it
does not reduce, only the number of bands/features reduces (columns, from 204 down to 5).
Each row represents the spectral reflectance strength of each rock signature, whilst each
column represents the position of the wavelength band from which the spectral strengths have
been extracted, hence forming a 2D matrix. As a result, a breakdown of the input dataset
matrices is as follows; for 204 bands (full database), input dataset is 204 (columns) x 6825
(rows) matrix = 1,392,300; for 100 bands, input dataset is 100 x 6825 matrix = 682,500; for 50
bands, input dataset is 50 x 6825 matrix = 341,250; for 25 bands, input dataset is 25 x 6825
matrix = 170,625; for 10 bands, input dataset is 10 x 6825 matrix = 68,250; for five bands,

input dataset is 5 X 6825 matrix = 34,125.
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5-fold cross-validation used: 1365 samples in each set

P ]
Test Train Train Train Train — Performance 1\
Train Test Train Train Train ) Pecrformance 2
=, Train Train Test Train Train N — score/
N=] 7 performance
a Train Train Train Test Train T
Train Train Train Train Test =) Performance 5
.
\ o
~
6825 total sample observations/spectra
204-bhands input data set: 6825 x 204 matrix = 1,392,300 100-bands input data set: 6825 x 100 matrix = 682,500
50-bands input data set: 6825 x 50 matrix = 341,250 25-bands input data set: 6825 x 25 matrix = 170,625
10-bands input data set: 6825 x 10 matrix = 68,250 5-bands input data set: 6825 x 5 matrix = 34,125

Figure 3.7: Database handling of training and testing sets. A 5-fold-cross-validation was used

in all instances.

Using MATLAB R2020b classification learner Machine Learning toolbox, we assessed
multiple ML algorithms and combined the best five classification performers in terms of
training, average per class precision, and time taken to train the algorithm. These attributes are
said to be the most important classification evaluation criteria. Moreover, these attributes
govern industrial applicability and the overall viability of the algorithm. Table 3.1 is a
compilation of the top-performing ML algorithms per given number of selected spectral bands
from the pre-DR 204 spectral bands, down to 100, 50, 25, 10 and our intended goal of five
spectral bands. It demonstrates the differences in classification based on bands with the most
feature weights. Results from the ML models in Table 3.1 show that the highest performing

model in all pre-and-post classifications was the Cubic Support Vector Machine (SVM).

A similar approach was applied by Galdames et al. (2019), where they performed a
feature selection from 2424 spectral channels to 73 spectral channels. Their study employed

colour images, a VNIR sensor, as well as a SWIR (900-2500 nm) sensor. They achieved a
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classification performance of 99.73% using Conditional Mutual Information Maximisation to
select their most important features. Considering the tools and number of bands selected at the
most intrinsic bands, we would argue our methods achieves more for less. On the other hand,
Mei et al. (2019), employed Unsupervised Spatial-Spectral Feature Learning by 3D
Convolutional Autoencoder for Hyperspectral Classification. Though with high classification
capabilities, we believe this method is computationally taxing as convolutional neural networks
are known to require a lot of training data and times, making CNNs invalid in our five feature

bands quest.

From the results compiled in Table 3.1, we can appreciate the differences in accuracies
acquired and elapsed times when training our ML models before and after DR. This confirms
our hypothesis, which stated that with NCA, ML will maintain rapid run times and good
accuracies, while maintaining without compromise, the fundamental differences in the
hyperspectral signatures of rocks within our database. Global accuracy refers to the validation
accuracy acquired during training. Average per-class precision refers to the individual rock
classification sum averages in testing the models. Lastly, training time refers to elapsed time

in training the models to classify the rocks based on the number of spectral band datasets.

As our goal was to reduce the number of hyperspectral bands to five multispectral bands
capable of distinguishing rocks at a substantial, industry applicable accuracy, we assessed the
highest performing Cubic SVM ML model for the 5-band classification. The results are
presented in Figure 3.8. To assess the viability of this Cubic SVM model, Figure 3.8 presents
two performance metrics. The first is True Positive Rates (TPR), defined as the probability that
an actual positive will test positive (Equation 1). The second is False Negative Rates (FNR),
defined as the probability that a true positive will be missed by the test (Equation 2). Both

variables are highly viable in assessing the capability of the ML model in classifying each rock.
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Table 3.1: Top five machine learning classification comparisons based on pre-dimensionality

reduction from 204-bands, to post-dimensionality reduction (using Neighbourhood Component

Analysis) for 100, 50, 25, 10 and 5 rock spectral bands.

Number of . . Global Average per-  Training
. ) Machine Learning .. .
Classification Algorithm Accuracy Class Precision Time
Bands post-NCA (%) (%) (seconds)
SVM (Cubic SVM) 90.7 90.0 28.7
SVM (Quadratic SVM) 87.0 86.0 27.3
204-bands * SYM (Li.nea.r SYM) 79.1 76.5 13.8
Linear discriminant 80.4 78.4 4.6
Ensemble (Subspace 81.2 79.3 415
discriminant)
SVM (Cubic SVM) 89.4 88.7 37.7
SVM (Quadratic SVM) 84.7 83.8 21.8
100-bands Quadratic Discriminant 77.9 77.5 1.0
SVM (Linear SVM) 76.9 76.0 59
Linear Discriminant 76.7 75.6 1.1
SVM (Cubic SVM) 86.9 85.7 39.1
SVM (Quadratic SVM) 84.3 82.1 23.2
50-bands Quadratic Discriminant 79.1 78.9 1.1
SVM (Linear SVM) 76.1 75.4 53
Ensemble (Subspace KNN) 75.2 75.0 34.9
SVM (Cubic SVM) 86.3 86.2 45.1
SVM (Quadratic SVM) 83.9 82.6 28.2
25-bands SVM (Fine Gaussian SVM) 75.9 70.6 6.7
Quadratic Discriminant 75.7 75.3 1.2
Ensemble (Subspace KNN) 75.4 70.0 29.2
SVM (Cubic SVM) 81.0 80.3 78.2
SVM (Quadratic SVM) 78.2 76.0 40.7
10-bands SVM (Fine Gaussian SVM) 72.7 70.1 8.2
Ensemble (Bagged tress) 71.0 69.8 19.1
Ensemble (Subspace KNN) 70.6 70.3 17.9
SVM (Cubic SVM) 70.9 72.0 182.1
Ensemble (Bagged trees) 68.6 67.0 12.3
5-bands SVM (Quadratic SVM) 68.4 65.8 76.7
SVM (Fine Gaussian SVM) 68.4 66.6 7.5
KNN (Fine KNN) 67.3 66.0 5.7

e " Pre-dimensionality reduction.
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Another assessment that can be drawn from the Figure 3.8 confusion matrix is the
average per-class precision of 72%. This is substantial considering the magnitude of the DR
from 100% of that hyperspectral data (204-bands) to approximately 2.5% (5-bands), which we
now refer to as multispectral data. We have, therefore, determined an applicable classification
model for this particular problem. In addition to this, we gained a reduction in computational
costs and storage requirements, ease of data management, ease of data application and

visualisation, and most importantly, viability in rapid field applications.

In addition to the above-given assessment, Figure 3.8 illustrates the in-depth
classification capabilities of the ML algorithm post-DR for each class of rocks employed in
this study. From the Figure 3.8 confusion matrix, 63.3% of the initial input andesite datasets
(for 5-bands) were correctly (TPR) classified as andesite. On the other hand, the remaining
36.7% (FNR) was incorrectly classified as basalt (15.6%), dacite (4.8%), diorite (4.4%), gabbro
(5.9%), granite (1.1%), granodiorite (1.9%), and rhyolite (3.0). Similar assessments can be
made for all rocks, resulting in different ratios of both TPR and FNR. Comparing Figure 3.5
and 3.6 results, we can make the following assumptions; the flatter the relative frequency
histograms (Figures 3.5 and 3.6), the higher the prediction precision (Figure 3.8), hence granite
has the highest ML prediction precision. On the other hand, the steeper the relative frequency
histograms (Figures 3.5 and 3.6), the lower the ML prediction precision (Figure 3.8), hence
basalt and gabbro have lower ML prediction precision outcomes. By developing algorithms on
a particular type of rock, it is possible to improve any of the Figure 3.8 results to favour that
specific rock, mineral or environmental phenomenon of interest. This thereby makes this
system highly applicable in a magnitude of highly specialised classification problems. Doing
so simply requires importing the most discriminative hyperspectral bands of any particular
rock, mineral, or phenomenon, and giving them priority over other spectral bands, hence

improving their succeeding ML classification outputs. However, since the goal of this paper
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was to classify eight igneous rock lithologies as a collective based on five multispectral bands,
our system was not pre-programmed to be biased towards any of the eight igneous rock

lithologies, but rather used the data as is, hence the true/unmodified results.

Model 1.10 (Cubic SVM)

Andesite 2.9% 1.1% 1.9% 36.7%

Basalt 38.0%

Dacite 19.5%

Diorite 33.7%

True Class

Gabbro 38.1%

Granite 11.1%

Granodiorite 26.7%

Rhyolite ; 6.7% 0.6% 06% | 0.6% 19.4%

_ « _ _ TPR  FNR
& o o oo

eﬁ“"o‘o

N :
& (\oé\o
&

Predicted Class

Figure 3.8: Confusion matrix from a Cubic SVM machine learning model used in evaluating

the classification viability of post dimensionality reduction spectral bands

Without having to perform NCA again for individual rocks, the same 5 database-
defined bands can be used to optimize the ML classification capabilities for each rock in the 8
rock database. For Table 3.1 and Figure 3.8, the input dataset has § categories coinciding with
8 rocks, this informs the ML model to output 8 classification capabilities for each of the 8 rocks
However, in order to maximize the classification precision capabilities of each rock against the

rest of the database, a pre-processing step has to be performed prior to training various ML
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models (Ruiz Hidalgo et al., 2020; Tong et al., 2017). This entails assigning a new common
label (Other rocks) to 7 rocks and keeping the same initial label (Actual rock) for the rock

whose output is to be optimized against the 7 (Table 3.2).

This means, for example, leaving all andesite spectra with their labels and changing the
rest of the 7 rock names to ‘other rocks’; basalt, dacite, diorite, granite, gabbro, granodiorite,
and rhyolite labels changed to ‘other rocks’. When training the supervised ML models that take
into account the data labels post this name change, the models attempt to output 2 categorical
outputs, thereby, meaning, andesite or non-andesite (other rocks). Results from training the ML
models with such emphasis on a particular rock show that ML models output higher individual
rock classification precisions. This is demonstrated in Table 3.2 where andesite classification
precision improved from the previous (TPR) 63.3% (Table 3.1) before optimization pre-
processing to an improved (TPR) 87.8% (Table 3.2). Table 3.2 moreover shows that by
applying this individual rock pre-processing step, the global classification accuracy for all 8
rock classifications improves from the previous whole database training method from 70.9%

(Table 3.1) to an average of 95.4% for all 8 rocks individually optimized (Table 3.2).

It should however be noted that the Table 3.1 5-bands outputs, as well as Figure 3.8,
originate from a single trained model, whereas Table 3.2 is a compilation of 8 different ML
models optimized for given rocks. Therefore, in terms of the number of steps necessary to
obtain output results, whole database training possesses the upper hand. On the other hand, in
terms of individual rock classification precision, pre-processing outputs the best results.
Instead of having an 8 outputs precision confusion matrix such as before pre-processing, Table
3.2 is a summary of each of the 8 ML model confusion matrices. This means, that for a model
optimized to classify andesite and the rest of the rocks as a whole, the TPR for andesite is
89.8%, with a FPR of 10.2%. The same model classifies the rest of the rocks (7 rocks as a
whole) with a TPR of 97.3%, and a FPR of 2.7%.

62



Akita University

Table 3.2: Optimized ML classification capabilities for subject rock vs. other rocks post NCA.

Rock Model Global Actual rock Other rocks in
acc. (%) TPR prec. (%) database prec. (%)
Andesite Ensemble 95.4 87.8 97.3
(subspace KNN)
Basalt Ensemble 94.1 89.2 95.9
(subspace KNN)
Dacite Ensemble 96.3 88.3 97.8
(Bagged trees)
Diorite Ensemble 92.2 94.8 90.8
(Bagged trees)
Gabbro Ensemble 95.7 90 97.1
(subspace KNN)
Granite Ensemble 96.2 97.4 95.8
(Bagged trees)
Granodiorite Ensemble 95.8 90.4 97.1
(subspace KNN)
Rhyolite Ensemble 97.6 91.9 98.5
(Bagged trees)

Based on Table 3.2, the best performing models are Ensemble as compared to the
previous SVM model (Table 3.1). This could be attributed to the number of expected outputs,
8 outputs in Table 1(optimized for the whole 8 rocks database), and 2 outputs for Table 3.2
(optimized for each rock). The Ensemble method is defined as a ML technique that combines
several base models in order to produce a single optimum classification model (Asscher et al.,
2021). Though the most common Ensemble methods utilize decision trees (Deegalla et al.,

2022), other types such as Bagged and k-nearest neighbours (KNN) can be applied (Table 3.2).

Table 3.3 is a summary of Tables 3.1 and 3.2, showing the changes in classification
precisions attainable from training the ML models with 8 classes, as compared to training with
2 input and output classes. The average individual rock TPR (labelled 2 outputs) on Table 3.3)
precision is 91.2%, a 20.3% improvement from the previous average TPR (labelled 8 outputs)

of 72%.
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Table 3.3: Summary of ML classification precisions based on Figure. 3.8, Table 3.1 and Table
3.2 post NCA outputs.

Rock 8 outputs TPR 2 outputs Percentage
prec. (%) TPR prec. (%) change (%)
Basalt 61.0 89.2 +28.2
Dacite 80.5 88.3 +7.8
Diorite 66.3 94.8 +28.5
Gabbro 61.9 90.0 +28.1
Granite 88.9 97.4 +8.5
Granodiorite 73.3 90.4 +17.1
Rhyolite 80.6 91.9 +11.3
Whole database (averages) 72 91.2 +20.3

From Table 3.3, andesite, basalt and diorite show a greater increase of 20%+ in their
classification precision. This could be attributed to the shape of their frequency histogram
shapes (Figures 3.5 and 3.6) being distinctly different with steep peaks at different positions
across all 5 bands as compared to those from other rocks. On the other hand, granite, dacite,
and rhyolite, show a slight increase in their classification precision capabilities. This is
potentially attributed to their relatively similar frequency histograms across the 5 spectral bands
or dimensionalities (Figures 3.5 and 3.6). These results show a strong correlation between the
NCA 2D plots with the employed ML models, hence proving the significance of objective ML

models.

3.5. Significance of Proposed System

Therefore, given our findings, we can confirm that our proposed system, which consists
of DR of rock hyperspectral data and subsequently employing specific discriminant features
for our igneous rock database, performs extremely well. This, in essence, means for rock
engineering, problems requiring discrimination of rocks, minerals, soils and other

environmental phenomena based on their spectral signatures can indeed employ this system.
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By setting desired attributes founded on preknowledge of a site, such as types of rocks present
within a mine site, rocks transported via a conveyer belt, or the general mapping of the
environment, it is possible to maximise data collection. Based on specific multispectral bands,
we can eliminate unnecessary storage, processing or classification costs associated with
massive data. With our integrated system, here are several optimisations we were able to

achieve:

e Through DR, we can reduce the storage capacity required to store and handle a
database, thereby reducing storage costs as we have proven there is no need to collect,
store and process redundant data;

e With DR, we were able to break down hyperspectral signature data into different
dimensionalities, hence the ability to plot such data in 2D planes, which as a result allows
for easy visual assessment;

e As proven with post-NCA specialised multispectral imaging, we can attain respectable
classification accuracies. This proves that multispectral imaging is a good enough option
as it can be programmed to be highly specialised, costs less, has lower operation costs,
and has the flexibility of being applied in specialised multispectral imaging, such as on a
UAYV drone. Having said this, it is important to note that samples used in this study were
clean and manually prepared before analysis, which is not the state in which rocks are
found in the field, due to dirt and other matter. Therefore, classification accuracy
variations in our envisioned identification of these rocks in the field, compared to the
study’s attained results, are likely to exist;

e Through ML, we can analyse and classify multispectral signatures produced by rocks
and minerals with high accuracies. By finding the right model for a particular dataset,
subsequent related data is relatively easier to classify as the training data always assists

the model in future predictions as proven;
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With our proposed combined system, we have proved that any industry looking to cut
spectral data (or equivalent) analysis costs whilst still retaining high classification
accuracies, DR via a feature selection supervised NCA algorithm to specify the most
discriminative bands, and verifying the viability of selected bands via ML, thereafter
employing these 5-bands (or more, depending on application) in future specialised
classifications, could potentially be the key to achieving several system design

optimisations;

Via a post-NCA 5-band rock and mineral classification specialised multispectral camera
mounted on a UVA drone, such as the ‘DJI P4 Multispectral drone used in agricultural
applications’, there is a plethora of applications in which this specialised technology
could find potential use. This, as a result, minimises purchase, operation and data
interpretation costs as compared to a hyperspectral imaging system. This could aid in
remote sensing from long distances without the need for physical presence, as well as
rapid in situ assessments of the state of the environment via the UAV drone, possibilities

are endless.

Lastly, there is potential to employ such a post-NCA specialised multispectral camera in
the frequent monitoring of mine dams. This would allow quicker assessment of
contaminants based on spectral signatures produced by unexpected and/or anticipated
metal contaminants. Hence, we deem this proposed system viable in all mining-related

stages, from exploration, operation and closure.

3.6. Conclusions

There are a number of optimizations this study was able to achieve. Reduction of storage

capacity required to store and handle a database via NCA dimensionality reduction. Moreover,

with post NCA specialized multispectral imaging, respectable classification accuracies were
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attained, proving that multispectral imaging is a good option as it can be designed to be highly
specialized for a given rock database. This quality gives it the flexibility to be applied in
specialized rock multispectral imaging such as on a UAV drone (as will be discussed in Chapter
4). From NCA, it can thus be concluded that the most discriminative 5 multispectral bands
viable in the classification of igneous rocks such as granite, diorite, gabbro, granodiorite,
rhyolite, andesite, basalt and dacite, are bands with the following wavelengths: 441 nm, 535

nm, 741 nm, 791 nm and 897 nm.

In addition, the proposed system shows that there is an undoubted correlation between
the NCA 2D spectral band plots with the outputs presented by the quantitative and highly
objective ML models. Using the 5 NCA defined bands, the best performing model for whole-
rock dataset classification was Cubic SVM with a global accuracy and per class precision of
70.9% and 72% respectively. When performing optimizations for each of the rocks against
others within the database using 8 different models, it was found that the average global
accuracy and average individual rock TPR outputs were 95.4% and 91.2% respectively. This
suggests that the proposed system works seamlessly in deducing the spectral relationships
between different rocks. With this proposed method, there is no need to change or re-determine
the most intrinsic bands to discriminate rocks with emphasis on one particular rock, only the
ML models. Lastly, the proposed system is highly sustainable as optimizations only take place
on the ML models, which, is in line with the SDGs especially since this study is centralized
around the development of a specialized multispectral UAV drone. Applying the same method
in classifying minerals and other subject database classification problems has the potential to

elevate such rock and/or mineral focused industries towards more sustainable practices.
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CHAPTER 4: Capabilities of a Multispectral Imaging UAV Drone in
Identifying Minerals via SAM and Al Techniques: A Case Study on

Magnetite Iron Sands

In an attempt to classify rocks and/or minerals based on subject-specific multispectral bands as
presented in Chapter 3, the following limitations in the methodology were realised: one is not
always availed the opportunity to fine-tune feature bands to their required specification due to
mass production of spectral imaging apparatus; machine learning models are not as superior as
deep learning models. Therefore, in this chapter, a 6 multispectral bands UAV drone is flown
at 3 different flight elevations in an attempt to perform mineral classification of magnetite iron
sand. Based on the spectral angle analysis results at each elevation, machine learning and deep

learning models will be used in ascertaining the classification capabilities of this system.

4.1. Introduction

The mining industry has been no stranger to the introduction of unmanned machines
such as automated haul trucks in the attempt to improve safety and ore tracking abilities has
been seen (Sinaice et al., 2021; Gaffey and Bhardwaj, 2020). 3D laser scanning of mines in
order to assess the current state of a mine to enable better planning for the future has also been
a common occurrence (Gaffey and Bhardwaj 2020; Heinz-H. Erbe et al., 2004; Mohajane et
al., 2017). With regards to rocks and minerals, the application of automated identifications via
spectral imaging is still a ‘hot topic’. The reason being, as demonstrated in Chapters 2 and 3,

high resolving power requires multitudes of information processing resources.

With such high requirements in terms of time and sophisticated computational
resources, it is difficult to perform rapid field spectral imaging via hundreds of spectral bands.

Part of this reason is, the need to process multitudes of redundant bands which do not
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necessarily improve the overall subject classification capabilities (Hu et al., 2021) Coupled
with the weight constraint, it is even more difficult to employ high dimensional imaging
technologies in aerial assessments of a site at considerable spatial areas and resolutions (Ganesh

Kannan, 2017).

On the other hand, research has shown that the application of a few specialized
multispectral imaging bands to classify rocks and minerals offers similar high subject resolving
power (Weyermann et al., 2009). Specialized multispectral bands whose dimensionality has
been reduced from hyperspectral imaging eliminate the said hyperspectral imaging
disadvantages (Hu et al., 2021), for this reason, this study employs a 6 bands DJI P4
multispectral drone. Studies aimed at employing unmanned automated vehicles (UAVs) such
as drones to identify certain rocks or minerals in mines are important as they offer a plethora
of advantages (Rauhala et al., 2017; Martelet et al., 2017). Despite this, it is difficult to perform
a thorough mine site rock or mineral assessment via a visible light camera-mounted drone. This
is due to the fact that such cameras do not collect the intrinsic characteristics of rocks and

minerals beyond the visible light spectrum (Sinaice et al., 2021; Martelet et al., 2021).

Mohajane et al. (2017), employed a method which incorporated remote collection of
vegetation data via a multispectral camera mounted UAV drone in order to identify certain
vegetation species. With modifications and improvements to this methodology, a novel method
by which rocks and/or minerals can be identified in rapid, large scale areas with detailed field
assessments was born. This proposed method combines multispectral UAV drone technology
with Spectral Angle Mapping (SAM), ML and DL algorithms to automatically identify
magnetite iron sands. The potential advantages of this proposed system are; The UAV
possesses multiple spectral sensors which all capture information pertaining to a scene at the
same time, this results in reduced exposure times for each image, which in turn ensures one
captures cleaner images without blur, and less heating of the sensors.
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Since the UAV drone spectral sensor comes pre-set with a few spectral dimensionalities
to process, applying SAM becomes an advantage as it does not require the UAV to be
specialized in magnetite identification. SAM takes advantage of the pre-existing spectral bands
by assessing the difference between a reference subject’s (magnetite) spectra characteristics
with those similar or different to it in an image scene (Shafti et al, 2007; Girouard et al., 2004).
Al algorithms such as ML and DL possess great spectral image classification power (Chauhan
et al., 2022; Hartog et al., 2021), allowing one to resolve qualitative as well as quantitative data
in an objective and understandable manner, making it highly eligible in multiple industry

applications.

This combined system, has the potential to optimize several aspects of the mining chain,
hence the motivation for this study. The main objective of this study is to assess an efficient
approach for the automatic identification of magnetite iron sands. For this purpose,
investigations on the viability of a multispectral camera mounted UAV drone will be discussed.
Positive results of this research, assessed via SAM and Al models would aid in ascertaining

the feasibility of field applications.

The study area, Kamaiso, is located along the west coast of Yamagata prefecture
bounded to the left by the Japan sea. This site is a magnetite iron sand placer deposit which is
said to have been a result of volcanic activity by Mt. Chokai estimated to have taken place 600
000 years ago (Kobayashi et al., 2019). With ore grades declining worldwide, it makes sense
to explore the possibility of mining easily accessible placer deposits such as those in Kamaiso
(Nguyen et al., 2018). These present an opportunity to maximize profit margins depending on
the amount of resources present. Deposits located in coastal areas are rather difficult to quantify
due to their close proximity to the sea. Aerial methods such as the employment of UAV drones
present an alternative way of exploring and quantifying target resources within this area
effectively (Beretta et al., 2019). Figure 4.1 is a map showing a 30 m x 90 m area from which
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experiments were conducted in an attempt to apply UAV drone technology in identifying

magnetite iron sands.

m s Magnetité
at placer

deposit
A

39°04'55.0"N 139°52'16.4"E
Kamaiso Fukura, Yuza, Akumi
District, Yamagata, Japan

Figure 4.1: Map showing Kamaiso magnetite iron sand placer deposits. Red polygon
represents the 30m by 90 m study area within which the UAV drone shown was flown. Map
acquired from: Google maps (2021).

4.2. Methodological Strategies for SAM and Al Integration

4.2.1. UAV Drone Mounted Multispectral Imaging

Drone technology has evolved over the years, with recent developments catering to
specialized industrial applications. One of the advantages of UAV drones is the protection of

human life as sites can be assessed from a remote area (Heinz et al., 2004; Beretta et al., 2019;
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Jackisch et al., 2019). In addition, camera-mounted drones aid in real-time assessments of sites
via visual feed. This feed can be in the form of real, false or manipulated colours which are
preprogramed to represent a certain phenomenon understood by the operator (Mohajane et al.,

2017).

It is said that hyperspectral imaging is arguably one of the best methods by which rocks
and minerals can be identified through their spectral characteristics (Fox et al., 2017). However,
van de Meer et al. (2012), have been able to attain high classification accuracy outputs in
similar rock identification problems via multispectral imaging. Motivated by the demonstrated
multispectral capabilities, this paper employs a DJI P4 Multispectral camera mounted UAV
drone released in September 2019 (Figure 4.2). To achieve centimetre level position accuracy,
the drone has a real-time kinematics (RTK) module attached to it. In addition, the six cameras
are 1/2.9-inch (complementary metal-oxide-semiconductor) CMOS sensors, all at 2
megapixels with a global shutter, on a 3-axis stabilized gimbal to ensure accurate multispectral
image capturing at spatial resolutions as high as 0.1 cm/pixel. The spectral sensor specifications
are as follows: Blue: 450 nm £+ 16 nm, Green: 560 nm = 16 nm, Red: 650 nm + 16 nm, Red
Edge: 730 nm + 16 nm, Near-Infrared: 840 nm + 26 nm which are all captured as TIFF image
files. The drone moreover boasts a 62.7° field of view, a net weight of 468 g and an RBG
camera which facilitates the extraction of magnetite iron sand spectral information in the visible
light spectral range of 400-700 nm as a JPG image. This, consequently makes the system
effective in a wide range of electromagnetic spectra within the visible-near-infrared range

(VNIR) with a total of 6 multispectral bands.

The drone flight height plan was set to 3 different elevations so as to investigate the
effect of the ground resolution, proximity to the subject, and the ease of flying. By investigating
these attributes, it would be easier to find the optimum height at which magnetite iron sand
identification can be performed effectively. The 3 UAV flight elevation heights measured from
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the camera sensor to the subject were 2 m, 10 m and 20 m. The drone was moreover set such
that the aerial multispectral imaging procedure is automatically performed at intervals that
ensured an equal amount of area (30 m x 90 m) was captured by the end of each flight mission.
In principle, this meant that more multispectral images were to be captured at 2 m, followed
by 10 m, with the least number being at 20 m. As a flight setting procedure, the drone was
flown over the area in order to pre-program the flight plan and ensure the drone flies within the
desired area, direction and height before allowing it to perform all these manoeuvres

autonomously from a remote area.

UAV multispectral sensor with
the respective spectral bands
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Figure 4.2: The 6 bands multispectral sensor with a 62.7° field of view; [1] Blue: 450 nm £ 16
nm, [2] Green: 560 nm £ 16 nm, [3] Red: 650 nm + 16 nm, [4] Red Edge: 730 nm + 16 nm, [5]
Near Infrared: 840 nm + 26 nm and [6] RGB camera: 400-1000 nm represent the multispectral
sensor capabilities. Images captured are corrected for parallax error via an edge detection

method. The red point is the reference area from which magnetite iron sands are known to exist.
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4.2.2. Parallax Error Correction

Since there is a small distance between the 6 spectral sensors of the drone, parallax
error always needs to be corrected for to ensure all sensors are aimed at the same image scene
depending on the UAYV flight height. At low altitudes, the parallax error is significantly higher
relative to higher flight altitudes (Ono, 1995). There are several methods such as the Hough
transform and least-squares techniques amongst others which can be applied to perform this
task aimed at interpolating the images into perfectly overlapping images (Ono, 1995; Laurence,
2012). However, according to Laurence (2012), the edge detection method performs well as it
takes into account the individual pixels within each of the 6 multispectral images to be
overlapped. It calculates the centres of gravity and automatically nullifies the differences in
position, thereby creating a perfect overlay of images (Laurence, 2012), hence the application

of this method in this study.

It should be noted, however, that in order to assume a perfect overlay, each of the 6
images loses a small part of its edges. The lower the UAV elevation, the more data is lost
relative to higher flight elevations. The data loss depends on the distance from the drone sensor
to the subject, as well as the distance between sensors within the drone, and so parallax error
always needs to be corrected. Though a small percentage of data is lost per image during
parallax correction, this is not the case when considering the study area as a whole. The reason
for this is, that the UAV flight missions were set up such that each captured image slightly
overlaps those around it. This, in principle, ensures zero data loss within the 30 m x 90 m study

area, with only the image regions outside the study area experiencing data loss.
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4.2.3. A Scrutiny of SAM Analysis

Mohajane et al. (2017), have employed several indexes in an attempt to perform rapid
field vegetation classification based on a number of criteria. These included the intensity of
certain vegetation colours and moisture content via SAM. Using the same principle, Zhang and
Li (2014), have employed SAM as an index to classify lithology. SAM is a physically-based
spectral classification that uses an n-dimensional angle to match pixels to reference spectra
(Weyermann et al., 2009; Girouard et al., 2004; Yang et al., 2012). The algorithm determines
the spectral similarity between spectra by calculating the angle between them, treating them as
vectors in a space with dimensionality equal to the number of bands (Shafti et al., 2007), which
in this study is 6. This technique, when used on calibrated reflectance data, is relatively
insensitive to illumination and albedo effects (Girouard et al., 2004). This makes SAM highly
applicable in multitudes of real-life field observations, which motivated the employment of this
method in this study. In short, SAM compares the angle between the endmember spectrum
vector and each pixel vector in n-dimensional space. Smaller angles represent closer matches
to the reference spectrum (Zhang, and Li 2014). Pixels further away than the specified
maximum angle threshold in radians are not classified as the reference spectrum of what is

being sought after. Figure 4.3 illustrates the principle of SAM analysis.
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Figure 4.3: Schematic diagram showing the principle of SAM cosine similarity. Reference
spectrum is what is sought after. Angle a is the cosine similarity threshold between a reference

and a synthetic spectrum.

On the ground, the drone is linked to a tablet which receives captured data allowing for
on-site SAM analysis and aiding in the identification of magnetite iron sands. Though best
performed in the field, this operation can be performed in laboratory analytics. To perform
SAM, each captured multispectral image is imported into a SAM operation algorithm such as
python. Thereafter, the user pinpoints the area of importance which in this case was any area
within the multispectral image scene known to be occupied by magnetite iron-sand. The
algorithm then performs a cosine similarity computation for every pixel in each image scene
to determine whether or not there are similarities between the reference and subsequent subjects
(Weyermann et al., 2009). To determine the threshold from the determination of whether or

not new subjects are similar or related to the reference, Equation 7 is used.
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a=cos ! (&) (7)

lItll x itoll

where a is the threshold for variables related to the reference, to is the reference spectra,

and t is the subject’s spectra.

Having successfully stacked the 6 bands TIFF and JPG qualitative images, as well as
performed SAM analysis, the images are then converted to CSV format. This data conversion
provides quantitative values pertaining to magnetite iron sand spectral characteristics across

the 6 multispectral bands, this data type is useful in training Al algorithms.

4.2.4. Benefits of Employing ML and DL AI Methods in Magnetite Identification

In order to determine regions of images where magnetite iron sand exists post-SAM
analysis, ML and DL models are upheld techniques by which this task can be performed (Saha
and Annamalai, 2021). This step involves pre-processing the data before training the Al
algorithms. Pre-processing is important as it cleans the data and makes it easier for the
algorithms to interpret it, for this study, the pre-processing step involved the extraction of the
SAM segmentation maps per image. This simply means magnetite and non-magnetite post-
SAM spectral variables, given their cosine similarity thresholds, are assigned labels so as to
take advantage of supervised Al algorithms. Hence, this process is referred to as image
segmentation and is simply defined as the labelling of each pixel in an image scene (Saha and
Annamalai, 2021). Pixels within and outside the threshold are assigned magnetite and non-

magnetite labels respectively.

Since SAM is mostly a visual interpretation, ground truthing is needed in order to
employ Al algorithms. For this reason, the SAM segmentation map is extracted together with
two ground truths for magnetite and non-magnetite pixels. Ground truths are image pixels

known to be 100% occupied by magnetite and non-magnetite pixels per image. Since each

77



Akita University

image is 6 bands deep, the result is a total of 12 ground truths. Ground truth for magnetite is

defined as the target, whereas non-magnetite ground truth is defined as noise.

Labelled datasets guide and allow algorithms to take advantage of both the global and
local structures of the data, which in turn results in quicker and more direct classifications
(Sharma et al., 2021). This in essence means for each image, the CSV file contains labelled
pixels for both magnetite iron sand (together with target ground truth), as well as non-magnetite
beach sand (together with noise ground truth). Using this data as input, the algorithms are
subsequently trained and outputs pertaining to the classification capabilities of the models in

deducing magnetite iron sands and non-magnetite beach sand are presented.

4.3. Experimental and Analytical Results

4.3.1. In the field UAV Drone Analytics

Based on the flight history logs at the different flight elevation heights, 80, 32 and 8
multispectral images at 2 m, 10 m and 20 m respectively were captured (Table 4.1). The number
of images is governed by the flight heights, as well as the 62.7° UAV field of view. From the
number of images captured, the spatial resolution at each elevation can thus be resolved as
shown in Figure 4.4. Given that each spectral image measures 1300 pixels x 1600 pixels, at 2
m, 10 m and 20 m, the spatial resolutions were 34 m?, 84 m? and 338 m? respectively, each
multiplied to cover the 2700 m? study area. Hence, it can be said that the higher the flight

elevation, the lower the spatial resolution, the opposite being true at lower flight elevations.

Moreover, based on Figure 4.4 and Table 4.1 post-flight logs, it has been demonstrated
that greater flight elevations allow for a wider area to be captured at a given time. This
disregards the need to operate the UAV drone at close proximities to the subject where larger

spatial coverage is required. This is a great advantage as it saves time, uses less power, and
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requires less computational resources to process the numerous multispectral images. Though
Table 4.1 demonstrates the implications of flying at the 3 different elevations, it does not

communicate outputs pertaining to the actual identification of magnetite. This is a task meant

for the SAM analysis and Al

| I M - I | T—
i o T - - .
oY o) 5
= P " e
M 34 m? per B33 m?2 per B 338 m? per
2m image 10m| image 20m| Iimage
16.3 mm? per 40.4 mm? per 162.5 mm?
Ground pixel Groundy pixel Ground per pixel
_ S |

Figure 4.4: Illustration of the difference spatial resolutions of each image, attained from

capturing multispectral images at 2 m, 10 m, and 20 m flight elevations.

Table 4.1: Multispectral UAV drone post flight logs from operating at 3 different flight
elevations.

UAV drone  Number of Images Flight time Spatial area  Battery power

flight elevation captured (minutes: coverage consumed during
seconds) (m?) mission (%)
2 meters 80 21:32 34 69
10 meters 32 8:23 84 29
20 meters 8 2: 08 338 7
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4.3.2. Outputs Pertaining to SAM Analysis

Multispectral images were analyzed for the 3 flight elevations and the results show that
by altering the reference cosine similarity value thresholds, an accurate mapping of the area
can be achieved. This is in agreement with Shafti et al. (2007), where altering their threshold
values ensured better subject separation. From the visual analysis of Figure 4.5, it is clear to
see that the SAM analysis seems to have performed well across all the 3 flight heights. The
smaller the threshold, the smaller the mask, meaning less of the targeted magnetite iron sands
are identified, resulting in none of the non-magnetite pixels being misidentified. On the other
hand, the larger the threshold, the more magnetite iron sand pixels are identified. This however
means non-magnetite pixels are likely to be identified as magnetite. To resolve this, one is

required to alter the threshold such that the mask perfectly overlays the magnetite pixels only.

For this study, the best SAM cosine similarity threshold values from visual
interpretation are 0.12, 0.13 and 0.17 for 2 m, 10 m and 20 m flight elevations respectively
(Figure 4.5). As this is the case, it can therefore be said that distance from the sensor to the
subject affects the nature of the results as the SAM value needed to be altered for each flight
elevation. The lower the UAV drone, the lower the threshold required to identify magnetite
iron sands, whilst the opposite was true at higher UAV drone flights. It should be noted that
since the multispectral sensors are located at different positions of the multispectral camera
(Figure 4.2), parallax error was accounted for as previously described in section 2.2. The result

is a perfect overlay of all 6 multispectral images at each flight elevation.

Another assessment that can be made is, that the larger the threshold values, the more
noise is introduced (Girouard et al., 2004). Such noise may be due to the presence of mini-
ripples and shadows. These ripples tend to trick the SAM into assuming there is a similarity in

image pixel characteristics between the actual reference subject and those exhibited by ripples
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and shadows (Girouard et al., 2004). Though a visual assessment of the SAM mask illustrations
seems rather qualitative, it can still be argued that this method provides a great amount of
information pertaining to the location of a specific subject such as the magnetite iron sands.
The application of the UAV drone coupled with SAM analysis has the potential to be employed
in a plethora of applications within the mining industry. These include resource exploration,
resource mapping, resource estimation, mine site monitoring, and ore processing amongst

others where quick and accurate separation of rocks and/or minerals is constantly performed.
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4.3.3. Application of AI Methods in Magnetite Spectral Classification post SAM

To eliminate subjectivity pertaining to the visual interpretation of SAM analysis masks,
Al algorithms are a trusted way in which human error can be eliminated in an objective analysis
of data (Saha and Annamalai, 2021). The mask data from the 0.12, 0.13 and 0.17 SAM cosine
similarity thresholds, for 2 m, 10 m and 20 m flight elevations respectively (labelled as target),
is mixed with the rest of the non-masked pixel data (labelled as noise) so as to build an input
dataset. Figure 4.6 and 4.7 are representations of how the SAM masks were extracted, hence
creating the labelled segmentation maps. Using the quantitative labelled segmentation maps as
demonstrated in Figure 4.6, input datasets are ready to be employed in training and testing the
supervised ML and DL algorithms. The output variables are predicted or classified from the
training database (Sharma et al., 2021). This means, that algorithms will try to learn some
patterns in the data during training, so as to implement these learnt patterns within the testing

dataset (Chauhan et al., 2022). This, therefore, provides results in relation to the learnt patterns.

SAM at 2 m flight elevation SAM at 10 m flight elevation SAM at 20 m flight elevation

012 " 013

Pt Key:
M Mapped as
magnetite post
SAM

W Mapped as
magnetite post
segmentation

] Mapped as noise
magnetite post
segmentation

0 00 40 60 B0 1000 1200 1400 0 00 40 60 B0 1000 1200 1400 0 200 40 GO0 B0 1000 1200 1400

J Segmentation map 4 segmentation map 4 Segmentation map

Figure 4.6: Extraction of segmentation maps used to create a magnetite iron sand database.
Segmentation maps at each UAV flight elevation are based on the 0.12, 0.13 and 0.17 cosine

similarity thresholds at 2 m, 10 m and 20 m.
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Figure 4.7: Extraction of segmentation maps used to create a magnetite iron sand database.
Proposed process overview with emphasis on how data extracted from spectral angle mapping
cosine similarities is segmented, assigned ground truths, and used in training artificially

intelligent algorithms in the classification of magnetite iron sand.

At 2 m flight elevation, the total dataset size was 998,400,000, derived from the product
of image sizes (1300 x 1600), the number of multispectral bands (6), and the number of
captured images (80). At 10 m flight elevation, the total dataset size was 399,360,000, derived
from the product of image sizes (1300 % 1600), the number of multispectral bands (6), and the
number of captured images (32). Lastly, at 20 m flight elevation, the total dataset size was
99,840,000, derived from the product of image sizes (1300 x 1600), the number of

multispectral bands (6), and the number of captured images (8).

These dataset sizes were however too large to run using the computational resources

employed in this study (32 GB memory, Intel 17-8750H CPU @ 2.2 GHz processor, NVIDIA
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GeForce GTX 1060 graphics, Windows 10, 64 bits operating system). To counter this, Figure
4.8 demonstrates our approach. At 2 m flight elevation, the input dataset size used to train each
algorithm was 12,480,000, derived from the product of image sizes (1300 x 1600), and the
number of multispectral bands (6). Since 80 of such datasets exist, 80 algorithms were trained,
and the best performing model from the rest was chosen as the most viable. The same approach
was applied at 10 m and 20 m flight elevations, the difference being the number of times (32
times and 8 times respectively) training was performed, this number corresponding to the
number of images captured. With this approach, all image datasets still get to participate in the
training of the various algorithms, the training times are quicker, and it requires less

computational resources.

Model training approach: Train each image dataset and select best performing model

Image size and Input dataset Notf of Final

no#t of bands per algorithm images model
2m: ' 1300 x1600 x 6| ='12,480,000| — Trainlaalgorithms individually s khoose best modell
10 m: 1300 x1600x6 =12,480,000 == Train 32 algorithms individually == Choose best model
20 m: 1300 x1600x6  =12,480,000 == Train 8 algorithms individually == Choose best model

Figure 4.8: Input dataset sizes used to train the machine learning and deep learning algorithms

as well as selection of the best performing model at each UAV flight elevation.

4.3.3.1 Classification via Machine Learning Models

The input dataset sizes for training and testing variables for each of the ML algorithms
stood at 12,480,000 (from Figure 4.8) for each of the three flight elevation heights. Moreover,
a 5-fold-cross-validation was used at all times in order to ensure that every observation
(2,496,000 x 5) from the original dataset (12,480,000) has the chance of appearing in training
and test sets. Therefore, this method generally results in a less biased model compared to other

validation methods (Sharma et al., 2021).
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Using MATLAB R2020b classification learner Machine Learning toolbox, multiple
ML algorithms were evaluated. Classification performance was presented in terms of global
accuracy, average per-class precision, and time taken to train the algorithm. These attributes
are said to be among the most important classification evaluation criteria (Saha and Annamalai,
2021). These said attributes, except the time taken to train the models, govern industrial
applicability, and the overall viability of the algorithm in solving the task at hand (Sinaice et
al., 2020). Table 4.2 is a compilation of the top 3 performing ML models for the 3 multispectral
UAYV drone flight elevations post-SAM. It quantitatively demonstrates the differences in
classification capabilities based on differences in flight elevation. In definition, global accuracy
refers to the validation accuracy acquired during training. Average per-class precision refers to
the individual magnetite iron sands (target) and the beach sand (noise) classification score
averages in testing the models. Lastly, training time refers to elapsed time in training the models
to classify the datasets based on the presence of magnetite iron sand. These are important
performance variables in comparing the different ML as well as DL models given their

intended application.

Results from the ML models in Table 4.2 show that the best performing model was
Ensemble (RUS Boosted Trees) for 2 m flight elevation. This model acquired the best outputs
in terms of global accuracy (85.7%), per-class precision (84.5%), and training time (5.8
seconds). On the other hand, the Tree (Course-tree) model performed the best for 10 m flight
elevation. This model acquired the best outputs in terms of global accuracy (78.7%), per-class
precision (83.4%), and training time (1 second). Lastly, the Tree (Course-tree) model
performed the best for 20 m flight elevation. This model acquired the best outputs in terms of

global accuracy (85.7%), per-class precision (88.9%), and training time (1 second).

From the results compiled in Table 4.2, the differences in accuracies acquired and
elapsed times when training the ML models for the 3 flight heights can moreover be
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appreciated. The reason is, that this confirms the hypothesis which stated that with the
automatic magnetite iron sand identification system, rapid run times and good accuracies are
potentially attainable. This is of course without compromise to the fundamental differences in
the multispectral characteristics of magnetite iron sands and the surrounding beach sand.

Table 4.2: Top 3 machine learning classification model comparisons at 2 m, 10 m and 20 m

UAV flight elevations based 0.12, 0.13 and 0.17 SAM cosine similarity thresholds respectively.

UAY drone Machine Global Average per- Training
flight Learning Accuracy class precision time
elevation model (%) (%) (seconds)

Ensemble (Bagged Trees) 78.6 83.4 8.4
Ensemble (Subspace KNN) 71.4 77.8 8.1

2 meters
Ensemble (RUS Boosted 85.7 84.5 5.8

Trees)

Tree (Fine-tree) 78.6 83.4 1.5
10 meters Tree (Medium-tree) 78.6 83.4 1.0
Tree (Course-tree) 78.6 83.4 0.9
Tree (Fine-tree) 85.7 88.9 1.9
20 meters Tree (Medium-tree) 85.7 88.9 1.2
Tree (Course-tree) 85.7 88.9 1.0

At 2 m, the ML model has an 80% TPR, which may not be considered satisfactory as
target data should have had a 100% target return (Figure 4.9). This means 20% of the target
pixels were thought to have been noise, suggesting the model at 2 m did not perform well at
discriminating magnetite iron sand pixels from the rest of the non-target pixels. This in essence
means flying and collecting data at this elevation may not be the best practice. At 10 m, the
target has a 100% TPR, meaning the target pixels were undisturbed, suggesting the target
output did not include any noise. The same can be said for the 20 m flight elevation, making
these flight elevations the most viable of the 3. At 20 m however, the model has a higher noise

TRP of 77.8% compared to the 67.7% at 10 m. This suggests the Tree (Course—tree) model at
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20 m performed better at discriminating the targeted magnetite iron sand data compared to the

other 2 flight elevations model outputs.

Another assessment that can be drawn from the Figure 4.9 confusion matrix is the
average per-class precisions of 84,5%, 83.4% and 88.9% at 2 m, 10 m and 20 m flight
elevations respectively; at 20 m, the model is still seen to perform better. It can consequently
be said that the best classification ML model for this magnetite iron sands identification

problem is Tree (Course tress) at 20 m.

2 m: Ensemble (RUS booted trees)

Noise
Target 20.0% | 80.0% 80.0% | 20.0%
Noise | Target TPR FNR
10 m: Tree (Course trees)
Noise
Target 100% 100%
Noise | Target TPR FNR
20 m: Trees (Course trees)
Noise
Target 100.0% 100%
Noise | Target TPR FNR

Figure 4.9: Machine learning confusion matrices from Ensemble (RUS Boosted Trees) at 2 m
UAV drone elevation, Tree (Course-tree) at 10 m UAV drone elevation, and Tree (Course-

tree) at 20 m UAV drone.

4.3.3.2 Classification via Deep Learning CNN

A convolution applies a filter over the multispectral data per band. Unlike visual
imagery data with height and width, the filters in a one dimensional CNN exhibit a 1D (spectral
intensity) architecture instead of 2D as with normal visual images. Hence the motivation to
employ this type of CNN in this study as the datasets contain 6 bands deep spectral intensity
data that require a 1D data processing method.
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The input dataset sizes for training and testing variables for each of the algorithms stood
at 12,480,000 (from Figure 4.8) for each of the three flight elevations prior to obtaining the
highest performing model. However, to train the 1D CNN, the spectral data was pre-processed
in the following ratios: 70% (9,736,000) designated to training, 15% (1,872,000) validation
and the remaining 15% (1,872,000) to testing. Moreover, all models were trained with Adam
optimizer which is said to have the best accuracy in enhancing CNN abilities in classification
(Chauhan et al., 2022). A learning rate of 0.001, a batch size of 128, and 25 epochs were also
employed. As with ML, the 1D CNN training processes were conducted using the MATLAB
2020b deep learning toolbox with the model selection at each flight elevation governed by

global accuracy, average per class precision, and time taken to train each 1D CNN algorithm.

At 2 m, 10 m and 20 m flight elevations, 80, 32 and 8 algorithms were trained and one
model from the multitudes of trained models was selected as performed in training the ML
models. Table 4.3 is a compilation of the best performing models at each of the 3 flight
elevations. Results from the DL 1D CNN models in Table 4.3 show that the global accuracies,
as well as the average per-class precisions, have an average of 99.8% and 99.3% respectively.
Moreover, based on global accuracy, the 1D CNN performs the same at 2 m and 10 m at 99.9%,
followed by 20 m at 99.7%. However, the trend changes in considering the average per-class
precision where the best performing model is the 1 D CNN at 2 m (99.8%), followed by 20 m
(99.4%) and 10 m (98.7%). Lastly, at 2 m, the 1D CNN takes a longer time to train (78 seconds)
compared to the 1D CNNs at 10 m (45 seconds) and 20 m (68 seconds); this could suggest,
that the longer the training time, the higher the average per-class precision for this DL

classification problem.
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Table 4.3: Deep learning one dimensional convolution neural network classification model
comparisons at 2 m, 10 m and 20 m UAYV f{light elevations based 0.12, 0.13 and 0.17 SAM

cosine similarity thresholds respectively.

Global accuracy Average per-class Training time

Flight height (%) precision (%) (seconds)
2 meters 99.9% 99.8% 78
10 meters 99.9% 98.7% 45
20 meters 99.7% 99.4% 68

To further assess the viability of the best performing 1D CNN models for the 3 flight
elevations, Figure 4.10 presents TPR and FNR performance metrics (Equations 1 and 2). At 2
m, 10 m and 20 m, the 1D CNN models have a 100% TPR for magnetite iron sand (target).
This suggests the models are highly capable of deducing magnetite iron sands from the
combination of magnetite iron sands (target) and beach sand (noise). On the other hand, the 1D
CNN models attained a 99.6%, 97.4% and 98.7% TPR for beach sand (noise) at 2 m, 10 m and
20 m respectively, which is considerably high. This suggests the models are all highly effective
at separating reference (magnetite iron sand) spectra from other (beach sand) spectra from

within the image scenes.
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2 m: 1D CNN
Noise
Target 100% 100%
Noise | Target TPR FNR
10 m: 1D CNN
Noise
Target 100% 100%
Noise | Target TPR FNR
20 m: 1D CNN
Noise
Target 100.0% 100%
Noise | Target TPR FNR

Figure 4.10: Deep learning one dimensional convolution neural network confusion matrices

at 2 m, 10 m and 20 m UAYV drone elevation.

4.4. Discussion

In a study by Gholami et al. (2012), they applied independent component analysis (ICA)
in remote sensing data processing based on satellite data to map an area and attained good
results. However, the differences between their method and ours are as follows; with the ICA
method, they reduced the dimensionality of spectral bands from 6 bands to 2 bands. However,
researchers van der Meer et al. (2012) and Zhang (2014), mention that higher dimensionalities
are relatively superior in deducing materials as they retain the original data structure. Hence,
our study applied SAM, which retains the full 6 bands data structure. In addition, our
methodology employs a UAV drone, which allows for the collection of varied, as well as higher
spatial resolution data. For example, at 2 m flight elevation, our spatial resolution is 0.4
cm/pixel, as opposed to their fixed satellite resolution of 30 m/pixel. Considering our 30 m x
90 m study area, their spatial resolution is rather inadequate. Lastly, we employ super-vised
DL 1D CNN classification algorithms which are known to be state of the art in imagery data

classification problems. As pointed out by Sharma and Sharma (2021), supervised learning
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algorithms are superior unsupervised ML methods such as ICA, especially in cases where the

output variables (magnetite or non-magnetite) are known, as it is the case in this study.

Based on this study’s findings, it was realised that the SAM cosine similarity thresh-
olds require slight adjustments relevant for each UAV flight elevation. With the increase in
elevation from 2 m, 10 m to 20 m, these thresholds vary from 0.12, 0.13 to 0.17 respectively.
Though these SAM cosine similarities vary, the ability of the SAM in differentiating the
targeted magnetite iron sand from non-magnetite beach sand remains relatively unchanged
from visual analysis. This is demonstrated by the masks at each flight elevation which seem to
flawlessly overlap the sought after magnetite iron sands (Figure 5), as well as the high ground
truths supported by Al classification capabilities. With respect to the UAV drone post-flight
logs and the typical size of surface mines, it would be in the best interest of engineers to perform
mineral identification practices at higher elevations such as 20 m. The reason being, the UAV
is not as challenged in terms of power consumption, elapsed capturing time, number of images

to capture, and area coverage; as at lower elevations (Table 4.1).

Figure 4.11 and 4.12 are summarized comparisons between the ML and DL CNN model
classification capabilities as well as the length of time required to train each model. Based on
global accuracies, the CNN models perform better than the ML models across all 3 flight
elevations. With ML, the attained global accuracies were 85.7%, 78.6% and 85.7% at 2 m, 10
m and 20 m flight elevations, whilst with the CNN, attained global accuracies were 99.9%,
99.9% and 99.7% respectively. A look into the attained per-class precisions shows that with
the ML models, 84.5%, 83.4%, and 89. 9% classification capabilities were attained at 2 m, 10
m and 20 m flight elevations. These model classification capabilities are different from the
99.9%, 99.9% and 99.7% attained via the CNN at 2 m, 10 m and 20 m respectively. Therefore,

it can be said that based on the global accuracies as well as the per-class precisions (Figure
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4.11), model capabilities show that the 1D CNNs employed in this study are far superior in

classifying the magnetite iron sands than the ML models.

From Figure 4.12, one is able to appreciate the differences in the times required to train
the Al models. With ML models, training times are shorter (5.8, 0.9 and 1.0 seconds at 2 m, 10
m and 20 m respectively) compared to those of the CNN models (78, 45 and 68 seconds at 2
m, 10 m and 20 m respectively). Though the ML model training times seem relatively more
efficient, the time taken to train a model is not what governs its industrial applicability. Training

duration merely communicates the time it took to turn an algorithm into a model.

Lastly, considering the UAV flight logs, as well as the Al model outputs in this study,
one can come to the conclusion that the most effective UAV flight elevation is 20 m. At 20 m,
one has a larger spatial area coverage, which eliminated the need to capture multitudes of
images. Matching these variables with the attained Al model classifications shows that, the

best classifier at this UAV flight elevation in identifying magnetite iron sands is the 1D CNN.

ML vs. CNN classification outputs (%)

ML global ML per-class CNN global CNN per-class
accuracy precision acuracy precision
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Figure 4.11: Global accuracy and pre-class precision: best performing machine learning vs.
deep learning classification models based on SAM cosine similarity thresholds at 2 m, 10 m

and 20 m.

93



Akita University

ML vs. CNN training duration (seconds)
90
80
70
60
50
40
30
20

10
o T

ML training time CNN training time

B2 meters ™ 10 meters 20 meters

Figure 4.12: Model training durations: best performing machine learning vs. deep learning

classification models based on SAM cosine similarity thresholds at 2 m, 10 m and 20 m.

4.5. Conclusions

This paper proposed the employment of a multispectral UAV drone-mounted camera
in the automatic identification of magnetite iron sands at a placer deposit. First, the UAV drone
was flown at 3 different flight elevations of 2 m, 10 m, and 20 m so as to find the optimum
magnetite iron sand identification flight height. Based on flight times, power consumption and
the number of spectral images captured, 20 m flight elevation was the most viable. The paper
went on to investigate the SAM analysis at these 3 flight elevations. It was found that the SAM
cosine similarities could indeed identify the magnetite iron sand target areas at 2 m, 10 m and
20 m at 0.12, 0.13 and 0.17 cosine similarity threshold values respectively, from the 6 bands

multispectral images.

Using the respective cosine similarity thresholds per flight elevation, the paper
continued to address the viability of coupling SAM analysis with different Al models. It was

found that the proposed coupled system did indeed yield industry viable outputs across all flight
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heights. However, considering all outputs of this study, it was found that the best overall
performance ratios were demonstrated at 20 m flight elevation. At this elevation, the UAV
drone was able to capture 6 bands multispectral images with a spatial resolution of 338 m?.
Furthermore, using the 6 bands multispectral imagery data, a 1D CNN DL model with a global

accuracy of 99.7% and a per-class precision of 99.4% was found as the best overall Al model.

The study has demonstrated system capabilities with the potential for applicability in
the mining industry/sphere. These applications include rock and mineral exploration from a
remote location; mapping of mine sites via UAV drone technology; the ability to identify rocks
and minerals based on their cosine similarities (SAM analysis) to a reference or known
spectrum; the ability to take advantage of multispectral imaging from an elevation and distance
of one’s choosing, and lastly, the flexibility of applying objective Al models in the

classification of rocks and minerals (as demonstrated with magnetite).
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CHAPTER 5: Study Conclusions

This chapter sums up the conclusions made in Chapters 1, 2, 3 and 4, as well as presents the

study’s overall conclusions.

In Chapter 1, the study discusses how several industries, are starting to realize the
benefits offered by artificial intelligence (AI) based methods. With particular interest to the
mining industry, where classification of rocks and minerals is of the utmost importance, one is
able to imagine how Al-based methods would potentially be able to improve this task, therefore
offering a plethora of advantages. Henceforth, this paper proposed the employment of
hyperspectral as well as multispectral imaging techniques in an attempt to classify rocks and

minerals based on their spectral signatures.

In Chapter 2, with eight plutonic and volcanic igneous rock lithologies namely andesite,
basalt, dacite, gabbro granite, diorite, granodiorite and rhyolite as the subject, the study had the

following conclusions:

From hyperspectral imaging, rocks can be distinguished via their visible-near-infrared
range spectral signatures (400-1000 nm. These anomalies can be presented in various ways,
such as whole rock image average signatures which are easier for human interpretation since
each rock is presented as a single anomaly. Or, as image partitions which results in multitudes
of spectral signatures per rock image. Though this data is hard to interpret via human visual
observations, it offers one the opportunity to train and take advantage of imagery focused Al

techniques, namely the deep learning one-dimensional convolution neural network (1D CNN).

Having trained the 1D CNN, it was found that classification of each of the eight rock
lithologies via their hyperspectral signatures was indeed achieved. Three 1D CNN models were
trained, the first focused on classifying plutonic rocks which obtained a global accuracy of

88.2%, the second focused on volcanic rocks, obtaining a global accuracy of 74.3%, whilst the
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third focused on classifying all eight igneous rocks and obtained a global accuracy of 96.4%.
The study also found that based on classification precision capacities of the three 1D CNNSs,
the best precision values were as follows: andesite 96%, basalt 81.3%, dacite 100%, diorite
84.3%, gabbro 97.7%, granite 93.2%, granodiorite 97.7% and rhyolite 79.5%. These findings
deem the combination of hyperspectral imaging with deep learning 1D CNN models a viable

technique by which rock delineation may be performed in this computer age.

Chapter 3 employed the same database of the eight igneous rock lithologies as Chapter

2, the study had the following conclusions:

Though analysis of rocks via their hyperspectral image signatures is a highly capable
method in which rocks can be distinguished, hyperspectral imaging suffers from the
dimensionality curse due to the hundreds of spectral bands/ dimensionalities which include
redundant or unimportant bands. Hence, a neighbourhood component analysis (NCA)
dimensionality reduction (DR) technique was used in identifying the 5 most important spectral
bands out of a total of 204 spectral bands. In essence, this means the system transitions from
hyperspectral imaging to being multispectral imaging. The study found that the 5 most
important discriminatory spectral bands each possessing an accuracy of + 3nm were bands
located at positions 14, 46, 116, 133 and 169 from the initial 204 bands. These positions

translate to 441 nm, 535 nm, 741 nm, 791 nm and 897 nm respectively.

To assess the capabilities of these 5 now multispectral bands in classifying the eight
rock lithologies, Al in the form of machine learning algorithms was brought into the picture. It
was found that post-NCA, the best performing ML model was the Cubic SVM with a global
accuracy and per class precision of 70.9% and 72% respectively. When performing
optimizations for each of the rocks against others within the database using 8 different ML

models, it was found that the average global accuracy and average individual rock prediction
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precision outputs were 95.4% and 91.2% respectively. Given the 97.5% dimensionality
reduction from 204 to 5 bands magnitude, these output results deem this system highly viable

in the discrimination of rocks via specialized multispectral bands post NCA DR.

Chapter 4 was a remote sensing case study on mineral classification based on magnetite

iron sands. The study had the following conclusions:

The study aimed at classifying magnetite iron sands from a placer deposit via an
unmanned aerial vehicle (UAV) at 3 different flight elevations, 2 m, 10 m and 20 m. The
production drone in question had 6 pre-set multispectral bands. Pre-set means the bands are not
factory specialized to classify magnetite iron sands. However, using spectral angle mapping
(SAM) cosine similarity, the study was able to pinpoint the reference/ sought after magnetite
iron sands at SAM threshold limits of 0.12, 0.13 and 0.17 at 2 m, 10 m and 20 m respectively

for the 30 m by 90 m study area.

Using these threshold limits, image segmentation maps were extracted from each of the
6 bands deep images in order to create a database with labelled variables (magnetite and non-
magnetite), which meant supervised ML, as well as DL models, could be taken advantage of.
From training the ML models, the attained global accuracies were 85.7%, 78.6% and 85.7% at
2 m, 10 m and 20 m flight elevations, whilst with the 1D CNNs, attained global accuracies
were 99.9%, 99.9% and 99.7% respectively. A look into the attained per-class precisions shows
that with the ML models attained 84.5%, 83.4%, and 89. 9% classification capabilities, these
model classification capabilities are different from the 99.9%, 99.9% and 99.7% attained via
the CNN at 2 m, 10 m and 20 m flight elevations respectively. Therefore, based on the UAV
drone flight history, SAM analysis, and model capabilities, it was concluded that the overall

best cost-performance ratios were demonstrated at 20 m flight elevation.
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In closing, having considered all outputs of this study, it was found spectral imaging
techniques are indeed a viable procedure by which rock and mineral delineation may be
performed in this digital age. Moreover, results from the study showed that in comparison, DL
models, on average, perform better than ML models in classification problems. Lastly, both
DL and ML models offer one the opportunity to fine-tune and optimize the algorisms such that
the resulting models perform even better in the classification of rocks and/or minerals given

the intention of use of such models.
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