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Well-exposed mineral deposits are scarce at a global level and presently potential mineral-rich sites are under-
lying vegetation cover and topsoil, which are suboptimal for direct remote sensing based exploration techniques.
This study aims to implement an indirect approach to arsenic (As) distribution mapping using the surface

CG)ZI\(/iCr:ineralisation manifestations of the subsurface geology and link it to the known gold mineralisation in the study area. Rise and
Arsenic Shine Shear Zone (RSSZ) in New Zealand is broadly a part of the Otago schist hosting lower to upper green-schist

facies rocks manifesting mesothermal gold mineralisation. The area has several surficial geological imprints
separating mineralised and non-mineralised zones, but these are dominated by topographic ruggedness, soil
moisture and vegetation (mainly grass/tussock) spectra in the hyperspectral data. Initially, a band selection using
Recursive Feature Elimination (RFE) was executed. The bands generated were tallied with the field and
geological understanding of the area. The resultant 85 bands were then further put through Orthogonal Total
Variation Component Analysis (OTVCA) to concise the information in 10 bands. OTVCA output was then clas-
sified using Random Forest classifier to map three levels of As concentration (<20 ppm, between 20 and 100 ppm
and >100 ppm). The potentially high As concentration zones are likely to be related to the gold mineralisation.
The geology of the area correlates with soil exposure which is captured by the classification in some parts, this
increases the accuracy but also makes the classification analysis challenging.

Classification

1. Introduction

Hyperspectral imaging measures reflected and emitted energy from
the Earth’s surface at hundreds of contiguous spectral bands. Hyper-
spectral data can span over multiple parts of the electromagnetic spec-
trum, including the; visible (VIS; 400-700 nm), near-infrared (NIR;
700-1200 nm), shortwave infrared (SWIR; 1000-2500 nm), mid-wave
infrared (MWIR; 3000-7000 nm), and longwave infrared or thermal
domains (LWIR; 7000-13,000 nm) (van Ruitenbeek et al., 2005; Kriesel
et al., 2011; Kruse et al., 2012; Ullah et al., 2012; Notesco et al., 2014b;
van der Meer, 2018; Simpson and Christie, 2019; Kereszturi et al., 2020;
Laukamp et al., 2021b; Tripathi and Garg, 2021). Hyperspectral data can
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deliver spectrally ‘rich’ information due to its narrow and contiguous
spectral band design. However, it comes at an expense of higher
dimensionality and increased noise, such as instrumental and atmo-
spheric among others, compared to broadband multispectral imaging
(Mielke et al., 2014; Ghamisi et al., 2017b; Laukamp et al., 2021b).
Overcoming the complexity of data processing has led to many appli-
cations, including agriculture, planetary studies (Kusuma et al., 2012;
Chauhan et al., 2015), ecology, water/coastal studies, geology (van der
Meer et al., 2018a; van der Meer, 2018), geothermal exploration
(Rodriguez-Gomez et al., 2021), and soil science (Wei et al., 2020).
Mineral exploration can benefit from hyperspectral remote sensing
due to its capacity to spatially map minerals by measuring absorption
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due to molecular bonds and vibrational processes. Furthermore, recon-
naissance survey using airborne and satellite-based hyperspectral data is
also a fast and cheap method for vectoring in mineralised zones (Cloutier
et al., 2021). For instance, the SWIR region has the potential to detect
phyllosilicates, sulphates, carbonates, chlorites and many other alter-
ation minerals (Hunt, 1982; van der Meer and Bakker, 1997; Sabins,
1999; Clark et al., 2003; van Ruitenbeek et al., 2014; van der Meer,
2018). Previous studies have been utilising hyperspectral imaging for
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mapping indicator minerals using ‘direct’ information, such as wave-
length position and depth (Kruse, 1998; van der Meer, 2001; Bishop,
2005; Kruse, 2007; Pour and Hashim, 2011; Notesco et al., 2014a;
Kereszturi et al., 2018). In a standard hyperspectral imaging mapping
workflow, the reflectance data is initially put through minimum noise
fraction (MNF) for dimensionality reduction. MNF includes two levels of
rotation, the first separates the noise from the information and in the
second rotation the noise-whitened data is further transformed to

A)

44°57'40"'S

44058'47"'S

A Matakanui Gold I.td. Sample Tocations
® Field sample locations marking proportional As conc.

169°26'E 169°27'6"E

=
~

44°57'40"'S

44°58'47"S

%

71 Chlorite-Greenschist TZ3

- N Epidote-Chlorite-Greenschist TZ4
B Strongly Foliated Biotite-Greenschist TZ4
Well foliated Biotite-Greenschist TZ4
1 Sediment Cover (Alluvial fans)
71 Sediment Cover (Valley Alluvium)

i

bty - A

Inactivé Tappr=-—

0z NS ot
Thomson's Gorge

&

: e Matakanui Gold Ltd. mplc‘-locations = P
gﬂ‘ marking propotional As conc
4 17 R S TR

A’ 23

-

'169°26'E 169°27'6"E |

169°28'12"E 169°29'18"E

Fig. 1. A) Simplified geological map of the Upper Thomson Gorge, overlaid by the sampling locations (blue dots) and geochemical vectoring data provided by
Matakanui Gold Ltd. (orange triangles). B) RGB orthophoto of the same area, representing the ruggedness of the terrain and the grass/tussock cover. C) On a map of
South Island, New Zealand, the key places and the study area are marked for a broader idea of the location. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)
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capture the maximum variance in the data (Wu et al., 2013). This is
followed by identifying the pure pixels indices that are then used for
selecting the endmembers to form the training subset. These endmem-
bers are finally used in mapping algorithms for generating abundance
maps (Clark et al., 1993; Boardman et al., 1995; Kruse et al., 2003;
Kruse, 2007; Kruse et al., 2012). This is a powerful approach when the
targeted exploration site is well-exposed, such as the famous Cuprite
dataset (van der Meer and Bakker, 1997; Swayze et al., 2014). However,
Cuprite and other similar sites with well-exposed exploration targets (i.
e., none to sparse vegetation, thin regolith cover) represent a minor
percentage of the current mineral prospect globally, demanding new
approaches that can handle partial to full vegetation cover.

The opportunity can rise to capitalise on the complexity of the
hyperspectral data by integrating advanced statistical methods, such as
machine learning (Ghamisi et al., 2017b). The advent of machine
learning in hyperspectral remote sensing has brought many effective
algorithms (e.g., random forest, support vector machine, neural net-
works, advanced spectral unmixing methods), to tackle the complexity
of the data and extended many solutions to the inherent challenges
(Cheng and Sun, 2016; Ghamisi et al., 2017a; Pullanagari et al., 2017a;
Naik et al., 2021; Rodriguez-Gomez et al., 2021). One of the major ad-
vances in the recent hyperspectral sensors is the finer spectral resolution
which leads to hundreds and even thousands of bands/variables,
increasing computation demand. Thus, variable selection methods, such
as least absolute shrinkage and selection operator (LASSO), stepwise
selection, and recursive feature elimination (RFE) have been utilised to
improve computation time, costs, and applicability of the resultant
statistics (Guyon and Elisseeff, 2003; Zou, 2006; Paul et al., 2008; Kursa
et al., 2010; Zhou et al., 2014; Han et al., 2016; Demarchi et al., 2020;
Lotfollahi et al., 2020).

The present study aims to explore the information captured by
hyperspectral data for mineral exploration using a mineral prospect
from New Zealand with partial to full vegetation cover (i.e., ‘less
optimal’ for hyperspectral data). This study, therefore, employs an
alternative approach that can build on indirect interference to locate
mineral resources underground. This study is based on the Rise and
Shine shear zone (RSSZ) in South Island, New Zealand (Fig. 1A), which
hosts a mesothermal gold mineralisation in the upper green-schist facies
rock (Craw and MacKenzie, 2007; MacKenzie and Craw, 2007). It is a
highly rugged terrain showing a diverse range of exposed soil (5-80 %),
and sparse grass and tussock vegetation cover (Fig. 1B). Using a 2 m
spatial resolution airborne hyperspectral data, this study allows us to
depict the complexities of the reflectance signals, including exposure
fraction and influences of vegetation while developing a new screening
method to locate underground gold mineralisation. Utilising certain
surface manifestations (Table 1) caused by leaching of arsenopyrite and
scorodite which pathfinder minerals to gold in the RSSZ as a proxy to
map arsenic (As) distribution in the region.

2. Geological settings

The RSSZ is part of the Otago Schist and is exposed as a ~50-100 m
wide zone that strikes northwest across the Dunstan Range. The schists
were pervasively recrystallised and foliated during metamorphism and
now consist of highly segregated quartz-albite and chlorite-phengitic
muscovite laminations at the centimetre scale. The shear zone is hos-
ted in upper greenschist facies schists that have been juxtaposed against
lower greenschist facies schist. The shear zone dips gently (~15-20°) to
the northeast in the footwall of the Thomson’s Gorge Fault, a post-
mineralisation normal fault (MacKenzie and Craw, 2007). Fresh min-
eralised schist contains disseminated arsenopyrite in foliation-parallel
shears and breccias, and gold is closely associated with this arsenopy-
rite (Fig. 1) (Mortimer, 2000; Craw et al., 2005; Christie, 2016; Cudby
et al., 2021). Metamorphic chlorite was extensively altered to hydro-
thermal Fe-Mg-Ca carbonate (ankerite) during mineralisation. Oxida-
tion of the mineralised zone has caused abundant ferric oxyhydroxide to
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Table 1

Theoretical parameters differentiating non-mineralised from mineralised and
the corresponding hyperspectral signals driving the study. (Veg-vegetation).

Attribute Non-
mineralised

Weakly
mineralised

Strongly
mineralised

Shear zone features at the surface

Gold Below detection
Arsenic <30 ppm
Shear zone trace Sharp boundary
to NE
(Thomsons
Gorge Fault)
Diffuse
boundary to SW
Outcrop Foliation
structure dominated
Carbonate Minor calcite
Hydrothermal No alteration
alteration mienrals
Kaolinite Minor
alterations from
the Cenozoic
era
Ferric Minor
oxyhydroxide alterations from
the Cenozoic
era
Surface Outcrops,
colluvium

<0.5 ppm; rare
veg

>50 ppm

Strong feature,
NW strike, 20 m
wide at the surface

Foliation and
shears

Minor calcite,
ankerite
Alteration of
chlorite to
ankerite

Minor from
Cenozoic
alteration; some
hydrothermal
Abundant from
sulphides and
ankerite

Abundant scree
from sheared rock

Expected hyperspectral signals at the surface

Surface features Mostly
vegetated
Chlorite (~2250 Strong Mg-OH

nm) signal

Kaolinite (2200 Weak Al-OH
and 2300 nm) signal

Ferric Weak Fe-OH
oxyhydroxide signal
(450-550 nm)

Carbonate (2320 Weak CO3
nm) signal

Abundant bare
ground

Weak Mg-OH
signal

Moderate Al-OH
signal

Moderate Fe-OH
signal

Moderate CO3
signal

>1 ppm; rare veg

>1000 ppm

Strong feature, NW
strike, wider surface
zone, to 100 m

Foliation and shears
Abundant ankerite

Ankerite completely
replaces chlorite

Minor Cenozoic
alteration; abundant
hydrothermal
alteration
Abundant from
sulphides and
ankerite

Abundant scree
from sheared rock

Abundant bare
ground

No Mg-OH signal
Strong Al-OH signal

Strong Fe-OH signal

Moderate COj3 signal

form during the decomposition of arsenopyrite and ankerite. The ferric
oxyhydroxide has variable amounts of adsorbed and intergrown As, and
both Fe and As have been extensively remobilised onto fractures and
foliation surfaces.

Gold occurrence here is often signalled by elevated As concentration
due to the supergene breakdown of arsenopyrite, forming As-rich halos
around the ore bodies. The Ca-poor ankerite alteration phase is also a
characteristic indicator mineral for gold mineralisation along the RSSZ.
The precipitation of ankerite through the decomposition of meta-
morphic chlorite released Fe, triggering the formation of arsenopyrite
and other sulphide minerals. This leads to sulphur depletion in the hy-
drothermal fluid destabilising the Au—S complexes and causing
disseminated gold deposition (MacKenzie et al., 2006; Craw and
MacKenzie, 2007).

The gold mineralisation here sits at a depth of 5-10 km and the
proximal mineralisation halo extends upto ~100 m (Cox et al., 2006;
Mortensen et al., 2010). The mineralised schist is often overlain by
unconsolidated Quaternary sediments. These loose sediments are easily
eroded by surficial processes bringing the ore bodies closer to the sur-
face. The erosion of the overlaid sediments makes the mineralised shear
zone prone to oxidation caused by groundwater and atmosphere along
with supergene enrichment (Craw, 1994; Craw et al.,, 2015). The
sulphide-bearing minerals from the mineralised schist (e.g., pyrite and
arsenopyrite) at near-surface atmospheric conditions are metastable and
can easily decompose by oxidation forming metal hydroxides (e.g., iron-
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hydroxide formed by the transformation of arsenopyrite). Near-surface
oxidation and weathering further result in an environment which fa-
cilitates physical and chemical mobility for gold and associated metal
hydroxides (Blake et al., 2019; Beyer et al., 2021; Cudby et al., 2021).
Gold in its free form is adsorbed by these metal hydroxides to form gold
nuggets, which are subjected to surficial processes. This brings gold and
its associated minerals (such as As) close to surface (<25 cm depth)
making an impact in the surface cover and soil.

The soil along the RSSZ is strongly controlled by the ore-bearing
schistose parental material, which is in turn controlling its bulk soil
geochemistry and weathering (Martin et al., 2016). Soil overlying bio-
tite, chlorite-rich green-schist facies rocks show elevated As concentra-
tion in both A (0-30 c¢cm) and B (50-70 cm) horizons, while on the
contrary, soil developed on lower-grade metamorphic basement rocks
show baseline concentrations. Recently, soils of Southland and Otago
have been analysed by Inductively Coupled Plasma Mass Spectrometry
(ICPMS) and XRF for multiple elements, including As (Martin et al.,
2016; Martin et al., 2018). The sampling has been carried out at a reg-
ular 8 km grid spacing that can provide an adequate As baseline infor-
mation for the RSSZ.

3. Materials and methods
3.1. Field campaigns, sampling, and rock analysis

The field sampling sites were selected based on As and gold con-
centration through a pXRF soil analysis dataset previously collected by
the Matakanui Gold Ltd. and the geological knowledge of the area (Cox
et al., 2006; Craw and MacKenzie, 2007). Following this data and field
accessibility, the sampling was targeted to incorporate the potential
zones of mineralised and non-mineralised zones. In total 63 soil samples
were collected, covering a range of exposure conditions (Fig. 2). The soil
exposure percentage was quantified based on 100 random point counts
from near-nadir hand-held digital photos (Fig. 2A-C). The details of all
63 sample locations are provided in the Supplementary Data (Table S1).

The field soil samples were collected from A-depth, 5-20 cm
immediately beneath the vegetation cover (Fig. 2 D—F). The rock

Exposed soil - 10% Vegetation- 90% ____Exposed soil - 49%
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fragments encountered typically at the interface of the soil and rock
were also sampled. A total of 42 soil samples were collected from the
mineralised zone and the remaining 21 samples were collected from the
non-mineralised zone for training purposes. This data was used for band
selection and in the “direct” mapping workflow.

An additional 309 samples out of an extensive dataset of 1500
samples were also used. This database was developed through multi-
year field campaigns and analysis using pXRF on the surface soil for
As by Matakanui Gold Ltd. (Fig. 1). These 309 samples were grouped
into three classes to represent the previously established geochemical
baseline (i.e., <20 ppm; Martin et al. (2016)), medium (20-100 ppm)
and high As (>100 pm) that is indicative of underlying gold deposits.

A selected range of rock samples from both the mineralised and non-
mineralised regions along with a scorodite-bearing schist rock sampled
by Cudby et al. (2021) were examined using Scanning Electron Micro-
scope (SEM) which was equipped with energy-dispersive X-ray spec-
troscopy (EDS), for detailed mineralogical and compositional analysis.
Thick (~0.6 to ~0.8 mm) sections of the rock were mounted on glass
slides. The thick sections were then carbon coated and imaged using
ThermoFisher Scientific™ FEI Quanta 200 Environmental Scanning
Electron Microscope. The SEM was operated in Back-scattered electron
(BSE) mode under an accelerating voltage of 20 kV, at the wondering
distance of 10 mm. The EDS on the same thick section was operated at an
accelerating voltage of 25 kV.

3.2. Airborne hyperspectral surveys and data processing

The airborne hyperspectral data was captured by a push-broom
AisaFENIX sensor, operated jointly with a Nikon D810 digital single-
lens reflex camera. The airborne survey was designed to capture
hyperspectral data at a 2 m spatial resolution with 30 % side overlap.
The airborne experiment was carried out at local noon on the 11th of
February 2020. The details of the sensor specifications are tabulated in
Table 2 and pre-processing workflow can be found in Chakraborty et al.
(2022).

Ve

A

Fig. 2. A range of soil exposures, varying approximately from 10 to 80 % at sampling sites RSS59, RSS42 and RSS7. The spade and hammer are ca. 100 cm and 30 cm

long, respectively.
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Table 2
AisaFENIX specifications.
VNIR SWIR
Field of View 32.2°
Instantaneous Field of View 0.084°
Full-Width-Half-Maximum 3.2-12.2 nm
Spectral Bandwidth ~3.3 nm ~5.7 nm
Number of Bands 177 272

Spectral Range 0.3773-0.9775 pm 0.9831-2.4918 pm

3.2.1. Reflectance spectroscopy and pXRF analysis

The 63 field soil samples were oven dried at ~65 °C for about two
days. The samples were then coarsely ground and sieved to a 2 mm grain
size before acquiring VIS-SWIR reflectance using an ASD FieldSpec 4
High-Resolution spectrometer at Massey University. This instrument
collects light reflectance from 350 nm to 2500 nm with a spectral in-
terval of 1 nm. A small portion of the soil sample was transferred on a
petri dish with a black background, the data was then obtained by direct
spot measurements in 5 different spots, using a high-intensity contact
probe. Before each measurement, white reference calibration was per-
formed with a Spectralon® reference, to ensure optimised and weighted
reflectance values across the spectrum. The individual spot measure-
ments were and average of 10 acquisitions with an iteration time of 17 ps
which were then splice corrected before further analysis.

The 63 field soil samples were also analysed to quantify As concen-
tration using an Olympus Innov-X Delta series portable X-Ray Fluores-
cence (pXRF) machine, at GNS Science, Lower Hutt. The pXRF was
calibrated before-, midway-, and after the soil measurements using two
standardised calibration samples provided by Olympus (Durance et al.,
2014).

3.3. Absorption depth mapping and band ratios — “Direct” methods

In this study, the wavelength mapper (van der Meer et al., 2018b)
was used to map absorption features through partial exposure. Wave-
length mapper calculates the location and depth of the maximum

Matakanui pXRF
data samples
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absorption feature of the target material (van der Meer et al., 2018b).
The deeper the absorption feature typically means more abundant the
target material (van Ruitenbeek et al., 2014; Dalm et al., 2017; van der
Meer et al., 2018b; van der Meer, 2018). Here, we used two wavelength
regions: 450-550 nm and 2250-2360 nm to map the Fe-OH and the
chlorite absorption depth, respectively. The difference in the absorption
depth at these ranges between mineralised and non-mineralised samples
were validated by laboratory hyperspectral data.

3.4. Proposed Workflow- “indirect” method

We have implemented a novel workflow to classify the surface
manifestations of arsenopyrite-bearing host rock and to eventually
locate As anomalies that can be used for gold prospecting (Fig. 3). In the
hyperspectral data processing, the first two and the last three bands were
excluded from analysis due to their extremely high sensor-induced noise
proportion, reducing the total number of bands to 444. This data was
smoothed by the Savitzky-Golay filter (filter window of 3 bands and
degree of a polynomial of 2) and continuum removed (Pullanagari et al.,
2017b; Rathod et al., 2018; Chakraborty et al., 2022). The hyperspectral
data was further masked by using a normalised difference vegetation
index (NDVI >0.6), and also areas within 4 m around dirt/gravel roads.
The buffer of 4 m was chosen to maximise the number of training data
which was 309 out of 510 total sample population.

Band selection was carried out using RFE on airborne hyperspectral
data using random forest as the base algorithm in a regression capacity
and the As relative concentration indicated by counts at 10.54 keV
which is the As k-alpha peak, from the pXRF spectra of the 63
laboratory-based samples (Fig. 4). RFE generates a relevant set of
important bands to map the corresponding surficial differences in the
mineralised and non-mineralised zones and eventually vectoring to-
wards potential As anomalies. RFE is based on a feature ranking tech-
nique. It initiates from a complete set of predictor variables and discards
the least relevant variables one by one by ranking them according to
their importance (Zhou et al., 2014; Pullanagari et al., 2018; Demarchi
et al., 2020). RFE was run using the R program in the caret package with

Airborne HSI

(" Smoothened and )

Continuum
(" Arsenic Classes Removed HSI
* <20ppm XRF lysis d
* 20< & <100ppm P ganalysisiCata y I N
e >100 ppm |Vegetation mask (NDVI

J

>0.6) and Road mask
(4m buffer) on HSI )

(" Band selection

CLASSIFICATION using

=>} using RFE (VIP

. L values)
REF classifier (targeted to D B
highlight high Arsenic
zones) - ~

OTVCA on the
selection of bands
—

Fig. 3. Proposed workflow for potential As zonation.
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Fig. 4. A and B are pXRF spectra of a representative mineralised and non-mineralised field sample. The mineralised samples show characteristic As peak at

10.54 keV.

LOOCYV cross-validation and the RF base algorithm was run on random
hyperparameter search. The selected bands using the RFE were further
validated using a Pearson-type correlation coefficient that was calcu-
lated between the counts received at 10.54 keV from the pXRF spectra
and the normalised continuum removed from the laboratory-based VIS-
SWIR reflectance spectra.

The RFE-selected wavelengths (85 bands) and the corresponding
bands in the airborne hyperspectral data were further reduced using an
unsupervised orthogonal total variation component analysis (OTVCA)
for dimension reduction. OTVCA uses orthogonal feature transformation
to find the maximum variance while it also considers the spatial infor-
mation of the neighbouring pixels using a total variation penalty factor
(Fauvel et al., 2012; Rasti et al., 2016; Ghamisi et al., 2017b). OTVCA
thus potentially conserves spectral and spatial information from a
hyperspectral image better than the most commonly used PCA or Min-
imum Noise Fraction (Rasti et al., 2016; Rasti et al., 2020) (in Supple-
mentary data Fig. S1). OTVCA reduces the dimension by optimising the
cost function to find the best representation of the hyperspectral dataset
in a lower-dimensional feature space. The output is also optimised for
spatial smoothness by using a total variation regularisation. The total
variation regularisation enables piecewise smoothness on the initially
extracted features which secure the pixel neighbourhood information
that is crucial for further classification (Rasti et al., 2016). To prevent
OTVCA from over-smoothing the hyperspectral data, the selection of the
TV regularisation tuning parameter (1) is set to 1 % of the maximum
reflectance of the area of interest (Rasti et al., 2020). In this study, it was
calculated based on the reflectance values of the ground sampling
points. The maximum continuum-removed reflectance value was 1 and
the A was set at 0.01. The OTVCA was operated in MATLAB™. A total of
10 components were extracted using OTVCA. This number was decided
visually where beyond 10 all the consecutive components showed only
noise.

The OTVCA-transformed hyperspectral data was used as a predictor
variable or features while the grouped Matakanui Gold Ltd. dataset into
low, medium and high As concentration classes as target classes,
implemented in a random forest classifier. The random forest classifier
was chosen due to its ability to deal with multicollinearity and random
distribution of variables. Random forest is known for its lack of ability to
extrapolate beyond the input data range (Hengl et al., 2018). However,
given the training data encompasses 0 (background) to 1000 ppm
(extremely high), this limitation has a negligible impact on our results.

Random forest generates decision trees using the subset of training
data and variables. Each of the decision trees grows independently to a
maximum extent using the bagging method (Breiman, 2001; Pullanagari
et al., 2017a). Each tree casts a vote for the most popular class at the
input subset, and the final output of the classifier is based on a majority
vote of the trees (Gislason et al., 2006). In this study the total number of
trees (ntree) was set at 500, to provide enough generalisation of the
model, which generates the trees with high variance and minimal bias
(Belgiu and Dragut, 2016). The number of splits at each node (mtry) was
selected using a sequential expand grid from 1 to 100 and the default
random search was used. The model was validated using Leave one out
cross-validation (LOOCV). The classifier’s performance was assessed
based on overall accuracy, along with the user’s, producer’s accuracy
and F1 accuracy (Liu et al., 2007). This was considered a suitable
measure as relative differences and accuracies among the classes have
been analysed for the final interpretation.

4. Results and interpretations
4.1. Host rock analysis

The SEM-BSE analysis was executed on selected rock samples based
on analysis of VIS-SWIR reflectance spectra and some from active
exploration sites. The scorodite and arsenopyrite-bearing Otago schist
rock, sampled by Cudby et al. (2021) marks the most confined halo of
the gold mineralisation in the RSSZ. This rock type falls in the upper
green-schist facies and is depleted of white mica. The scorodite-bearing
schist is the parent host rock for gold in the RSSZ setting (Fig. 5a) (Craw
and Lilly, 2016; Craw, 2017; Cudby et al., 2021). The surface indicator
of this confined mineral phase is ferric oxyhydroxide containing adsor-
bed As. This is generally amorphous and has variable compositions with
Fe/As>1 (Fig. 5b) (Cudby et al., 2021). The rock sample (Fig. 5b) is
derived from RSS25 location which shows patches of elevated As
concentration.

4.2. Direct absorption mapping and classification

The ground samples show a range of abundance and depletion of
ferric hydroxide and chlorite detected at 450-550 nm and at 2250-2360
nm, respectively. The deeper the absorption features the higher the
mineral abundance (Clark, 1999; van der Meer et al., 2018b). The



R. Chakraborty et al.

Journal of Geochemical Exploration 263 (2024) 107510

AS'S Arsenopyrite
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Fig. 5. SEM-BSE images (left column) and EDS spectra (right column) of representative scorodite bearing schist, mineralised upper green-schist, and non-mineralised
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absorption depth mapping results using airborne hyperspectral image
were here thresholded to provide individualised distribution of ferric
hydroxide and chlorite minerals (Fig. 6). The band depth threshold was
decided by analysing the band depth distribution along with visual
interpretation. In order to mark chlorite depletion, band depth < 0.06
was chosen while band depth > 0.5 was considered for ferric hydroxide
(Fig. 6). The depleted chlorite area covers an area of 1.45 km? and the
ferric hydroxide abundant area covers an area of 3.56 km?. Theoretically
both strong ferric hydroxide absorption and chlorite depletion can
indicate underlying mineralisation in the upper greenschist facies rocks
based on Fig. 6, both indicator minerals seem to show some interference
in topographic signalas with the nimeraligy and soil chemistry
(Fig. S3B).

The map distribution represents little value for mineral prospecting.
The absorption in the SWIR range targeted to map the Fe-bearing
chlorite depletion also has overlapping absorption wavelengths with
the clay minerals present there such asillite and smectite (Abweny et al.,
2016). This renders the direct abundance mapping of chlorite even more
ineffective (Fig. S3A) in such a scenario. The strong signal difference in
mineral phases at a subsurface level dissipates when it comes to surface
mapping where more prominent surficial parameters such as vegetation
cover, soil moisture, water solubility and distribution mask the well-
defined mineralogical boundaries.

The absorption feature shape shows only weak differences between
mineralised and non-mineralised samples of chlorite at both laboratory-
based (at ~2347 nm) and airborne (at ~2344 nm) data (Fig. 7A, B, C).

The subtle change in depth for the chlorite-related absorption feature
can indirectly indicate potential As-enrichment zones and consequent
chlorite depletion in the host rock (Craw and MacKenzie, 2007). How-
ever, the signature chlorite absorption at ~2250 nm is only present in
the laboratory spectra, but it shows no clear difference in depth between
the mineralised and non-mineralised zones (Fig. 7A). In contrast, the
second chlorite absorption at ~2340 nm shows a clear separation be-
tween mineralised and non-mineralised zones at the laboratory scale
(Fig. 7A). This systematic is captured much less clearly by the airborne
data due to decreased signal-to-noise ratio and spectral missing within
the footprint of a pixel. Furthermore, there are a few absorption features
scattered throughout the range (2240-2360 nm) which can be, related
to both chlorite-group minerals and/or carbonate-bearing minerals
(such as calcite and ankerite) based on absorption depth positions. The
carbonate mineral at RSSZ changes from calcite to ankerite (MacKenzie
et al., 2006; Craw and MacKenzie, 2007; Craw et al., 2007) from non-
mineralised lower greenschist to mineralised upper greenschist rocks,
which makes the carbonate absorption feature at ~2300 nm to be
“constant”. This renders carbonate abundance inadequate for differen-
tiating mineralised from non-mineralised.

The ferric hydroxide-related absorption shows no related demarca-
tion in absorption depth at the laboratory-scale, while only showing a
vague trend at the airborne scales. Despite being ubiquitous along the
RSSZ and characterised by a very strong spectral response, the ferric
hydroxide absorption feature at 450-600 nm appears to be of limited use
for vectoring for gold. The lack of trend can further be linked to
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samples and; RSS54 and RSS62 were representative of non-mineralised samples.

atmospheric and topographic effects (Richter and Schlapfer, 2010; Lei-
fer et al., 2012; Vanonckelen et al., 2013). The VIS and NIR regions are
further affected by the strong absorption of chlorophyll in vegetation
(Haboudane et al., 2008; Moses et al., 2012), and potentially by the
“exposed soil fraction”.

4.3. Band selection and spectral correlations

The airborne dataset was analysed through RFE to subset spectral
bands with the largest contribution to the targeted As concentration
(Fig. 8A). The important bands are scattered throughout the spectrum,
while many bands are selected from the SWIR. This can be due to the
decreasing co-linearity of the input bands located further apart from
each other, and/or due to less reflectance interference from chlorophyll
in partial vegetation fraction cover. To further validate the bands
selected by the RFE model, a Pearson-type correlation analysis between
the laboratory-based reflectance spectra and As concentration repre-
sented by the pXRF counts at 10.54 keV from the 63 field samples was
performed. Wavelengths that showed >0.2 coefficient that corresponds
well with the expected absorption feature indicating chlorite-bearing
rocks between 2240 and 2360 nm depending on the concentration of
Fe and Mg (Neal et al., 2018; Cloutier et al., 2021) (Fig. 8B). The at-
mospheric water absorption bands ~1200 nm, 1450 nm and 1950 nm
were discarded from the final spectral subset. A resultant set of 85 bands
were selected which coincided with both the correlation analysis and the
RFE output bands were then used for the rest of the workflow. The

corresponding wavelengths of the 85 bands are provided in Supple-
mentary Data (Table S2). The selected 85 bands still possess information
regarding lithology, including mineralisation, topography, shadow and
atmospheric effects and sensor noise. OTVCA was run to maximise
spatially coherent variance in the input spectral data. Out of the first 10
components, 2 components were discarded which only consisted of
sensor noise and scene boundaries (6th and 9th component) as analysed
through visual interpretation (Fig. S2 in Supplementary data). The
remaining 8 components were used to create potential zonation of As
anomalies through image classification using a random forest classifier.

4.4. Indirect mineralisation mapping and classification

The training data contains 87,97 and 123 observations from high
(>100 ppm), medium (20-100 ppm), and low (<20 ppm) As concen-
tration zones respectively (Fig. S4). The overall accuracy of the classi-
fication is 0.58 (Table 3). The confusion matrix shows an ample number
of misclassifications, among all three classes. A significant percentage of
the misclassification was accountable to topographical and varying soil
exposure fraction which was mixed in the training data as well. The
highest class-wise accuracy is for the low concentration As class, which
is 72 % and 66 % for producer’s accuracy and user’s accuracy (Table 4).
This class has made up most of the study area, totalling a 9.2 km?2. On the
other hand, the lowest accuracy is reported for the high concentration As
class, presumed to be related to underlying mineralisation. The total
area classified under high As concentration zone was 1.84 km? (Fig. 9).
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Fig. 8. The graphs illustrate A) the overall importance across the airborne
hyperspectral data as an output from the RFE band selection method and B) the
correlation across the laboratory-based hyperspectral data to the target As
concentration. The highlighted red regions are the spectral ranges used in the
“direct mapping” workflow. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

Table 3

Error matrix of the random forest image classification using the independent
validation data (columns) against the image classification results (row). The
bold values show the correctly classified pixels.

Reference
Prediction High Medium Low Total
High 42 25 16 83
Med 24 49 19 92
Low 23 23 88 134
Sum 89 97 123 309
Table 4
Area statistics and Image classification accuracy by image classes.
Classes User’s Producer’s F1 Total area  Total
Accuracy Accuracy (%) Accuracy (pixel) area
(%) (%) (km?)
High 51 48 50 460,820 1.84
Medium 53 51 52 756,242 3.02
Low 66 72 62 2,430,621 9.72

The F1 scores also being in the same order as the user’s and producer’s
accuracy further prove consistency in the model performance (Dong
et al., 2022; Liu et al., 2022).

The areas classified under “High” As concentration is based on the
training data which contained As ppm concentrations at 307 field lo-
cations (Fig. 1). Although, the results show strong regional trends
matching the geology. The surface manifestations of the arsenopyrite
and scorodite-bearing rocks can also be impacted by surficial processes
such as leaching and mainly represent ferric oxyhydroxide with different
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levels of adsorbed As (Fig. 5b).
5. Discussion
5.1. Arsenic as a pathfinder to gold and its spectral importance

Geochemically, As anomalies are an established and globally used
pathfinder to gold deposits (Kovalev et al., 2011; Large et al., 2012;
Blake et al., 2019). The gold mineralisation in Central Otago is mostly
hosted by arsenopyrite in association with other sulphide minerals, such
as chalcopyrite and stibnite (Craw and MacKenzie, 2007; Craw et al.,
2007). With an increasing demand for gold, currently, there is more
emphasis on exploring lower-grade gold deposits. The signal to these
deeper-seated deposits is often shadowed by redistributed As halos due
to supergene weathering and, leaching through groundwater circulation
at a meter scale (Goldfarb et al., 2005; Blake et al., 2019; Jasiak et al.,
2021). The lower green-schist facies zone at the RSSZ is less lithified and
has more clay proportion thus enhancing the redistribution of As and
increasing the amount of clay.

The supergene leaching facilitates enlarged alteration halos can pose
a major drawback in mapping As anomalies to target gold at a regional
scale. Other pathfinder elements to gold in the Otago RSSZ setting, such
as Sb, can also be plausible alternatives because of their co-occurrence
with As and Au (MacKenzie and Craw, 2007; Chakraborty et al.,
2022). Elements such as Sb and As are released into the environment in a
concurrent breakdown of stibnite and arsenopyrite respectively. Sb
oxidises and can get precipitated nearer to the target gold-bearing host
rock; on the contrary, As remains in solution and gets redistributed
forming a larger As footprint (Ashley et al., 2003).

The mineralised samples exhibited a peak at 10.54 keV in the pXRF
spectra signalling the presence of As in the mineralised field samples,
whereas there was no such signal in the non-mineralised samples
(Fig. 5). It is important to note that As-bearing rocks and minerals often
have no unique absorption feature in the soil spectra in the VIS-SWIR
region (Garcia-Sanchez and Alvarez-Ayuso, 2003; Shin et al., 2019;
Tao et al., 2019), which can be directly used to infer its presence or
absence. Any machine learning model based on hyperspectral data,
therefore, associates As concentration with other physico-chemical
features in soil, including soil moisture, vegetation type, soil exposure,
and/or other mineral phases with unique absorption features which
potentially can co-vary with As occurrence (Font et al., 2005; Hassan
and Atkins, 2011; Wei et al., 2020; Shrestha et al., 2022). Although the
greenschist facies rocks comprise minerals with characteristic absorp-
tion features (e.g., biotite, chlorite, carbonate, and smectite group of
minerals), most of them cannot differentiate between mineralised and
non-mineralised lower greenschist facies at RSSZ, This leaves depletion
of chlorite the only feature to be used as a proxy for As using hyper-
spectral data.

The RFE band selection was run on the airborne hyperspectral data
(predictor variable) against the raw pXRF counts at 10.54 keV (target
variable) to select the most important bands contributing to this As
variation (Fig. 5). However, the important bands in the SWIR range
signal the consistent depletion of chlorite in the mineralised samples and
the nearly ubiquitous presence of muscovite, and carbonate minerals (e.
g., dolomite, ankerite), all of which have their significant absorption
features in the SWIR (Fig. 8). This shift in mineralogy coincides with the
depletion of As-bearing minerals and therefore represents an avenue to
detect and quantify As with VNIR-SWIR hyperspectral data. Further-
more, the important bands in the VNIR region are attributed to the
comparative abundance of ferric hydroxide-bearing minerals in the
mineralised schist and the varied vegetation cover in the zone (Fig. 10).
The subtle changes and shifts in these absorption features in indirect
correspondence to As concentration in the samples fits the vectoring
signals to the characteristics of the mineralised schist.
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5.2. Band ratio vs multivariate data analysis for potential As zonation

Band ratio and direct mapping methods (e.g., Spectral Angle Map-
per) are inherently limited to capture the variation of a single mineral
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group using its characteristic absorption feature caused by the chemical
bonds and bulk compositions (Clark et al., 1990; van der Meer and
Bakker, 1998; Clark, 1999; van Ruitenbeek et al., 2014; van der Meer,
2018; Shrestha et al., 2022). This can easily fall apart in a more
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challenging environment where >90 % of the pixels are impure/mixed
and have overlapping absorption ranges. This effect shows in the map-
ping results where the direct mapping gets often confused with undu-
lated topography and the gullies whereas the indirect map results are
much less impacted by topography (Fig. 10). In such a scenario, the
interpretation of band ratio must require expert knowledge to be used to
portray the underlying geology. Furthermore, the spectral signature of
vegetation is stronger than most mineral signatures and can pose diffi-
culty in analysing subtle shifts in mineral absorption when both have
overlapping important wavelengths (Crippen and Blom, 1999).

High toxic levels of As leads to stunted plant growth and leaf col-
ouration among others (Brooks, 1979; Farago, 2008) which are
comparatively easier to detect using hyperspectral (Rodriguez-Gomez
et al., 2023) and even multispectral data (Rencz, 1989). In ppm levels,
when the effect of As is more at a molecular and chemical stage than
apparent physical changes, integrated knowledge of chemical associa-
tions is thus preferred and here-in proposed as indirect zonation of As
(Rathod et al., 2015; Shi et al., 2016; Shin et al., 2019; Chakraborty
et al., 2022). Our study area offers a great test ground for lithological
mapping and chemical zonation due to its highly variable soil exposures
between 5 and 85 % over the known mineralisation. The proposed su-
pervised classification approach can outperform any direct mapping
methods due to its ability to tune the data through maximising corre-
lation between target variables (pXRF measurement on the ground) and
predictors (airborne hyperspectral data). The multivariate classification
model can therefore pick up and relate with subtle spectral changes
associated with near-surface mineralisation which cannot be associated
with mapping absorption features of individual mineral phases alone.
Thus, this approach not only can capture the underlying lithology but
can also shed light on expected mineralisation levels using hyperspectral
remote sensing.

5.3. Connecting band selection and data transformation with the
underlying geology

Despite an extensive legacy of geological remote sensing, there are
still considerable gaps in utilising remote sensing to mineral prospecting
on complex terrains without or only partial soil/rock exposure and/or
target minerals without a unique absorption feature. Our novel work-
flow combining RFE with OTVCA shows promise to tackle natural
complexity and can provide a new tool to utilize in mineral prospecting
and improved land-surface mapping. The iterative elimination process
implemented in the RFE using a random forest base algorithm, can
reduce dimensionality and deal with non-linear data (Su et al., 2017;
Pullanagari et al., 2018; Demarchi et al., 2020). The RFE shows most
bands across the VIS-SWIR spectrum with large amounts of bands form
the SWIR corresponding to characteristic absorption bands of chlorite.
Chlorite is geologically linked to As-concentration (depletion when As is
present in the RSSZ setting) that the dimensionality reduction maxi-
mised in the input hyperspectral data to link with the most. Our mapping
results benefits using OTVCA that can further enhance geological fea-
tures by increasing the inherent spatial coherence. This is particularly
useful in investigating geological systems, such as the gold mineralisa-
tion and lithological changes with high spatial autocorrelation (Warner
and Shank, 1997). OTVCA is a spatially constrained data transformation
technique that can maximise and generalise geological information
explicitly. Consequently, the mineral prospecting classification results
become more independent of the soil exposure fraction compared to
non-transformed data and make it more generalised/smoothed.

6. Conclusion

Potential arsenic zonation to locate a concealed gold mineralisation
is challenging using remote sensing. Firstly, As lacks any unique ab-
sorption feature in the VIS-SWIR spectral range, based on which most
hyperspectral mapping techniques are tailored. Furthermore, As halo
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covers a large footprint than the target mineralisation due to leaching
and transport by groundwater.

Anomalous pathfinder element concentrations can be used to define
a proximal mineralisation halo and this is the key to mineral prospecting
using biogeochemistry (Ashley and Craw, 2004; Hamisi et al., 2017;
Laukamp et al., 2021a). The lateral extent of the proximal mineralisa-
tion halo related to orogenic gold mineralisation can vary from place to
place. For example, in Yilgarn Craton in Western Australia, it extends
over 200 m (Eilu and Groves, 2001); in Mali, West Africa, the charac-
teristic ankerite and the sulphide anomalies extend up to 2 km (Law-
rence et al., 2013); in the Minas Azules in Argentina it lies between 70
and 100 m (Rodriguez and Bierlein, 2003). The extent of the proximal
mineralisation halo in the South Island, New Zealand varies from ~10 to
~100 m. Other than the magnitude of pathfinder element concentration
defining mineralisation, the halo is also subjected to variation in li-
thology, surface topography and soil moisture. A combination of all
these factors makes every setting unique and eventually poses a major
drawback in generalising a remote sensing-based approach for mineral
prospecting suitable to all settings. In this RSSZ settings, there is a strong
correlation between the soil moisture and vegetation cover (e.g., plant
associations) to the potential As anomalies indirectly vectoring to the
gold mineralisation.

The topography and the varying soil exposure can add a significant
percentage of information captured by hyperspectral imaging. There-
fore, even if the characteristic absorption features exist for any target
minerals, the lack of pure pixels can hamper wavelength-based ap-
proaches for image classification. Variable selection can help reducing
bands, maximising relevant information and the prediction accuracy.
The selected variables contain dominant target information and an
essentially smaller percentage of background information. The band
reduction via RFE and data transformation via OTVCA can simplify the
information in the selected set of bands improving image classification
accuracy. While mineral deposits are patchy geological systems the
spatial correlation of the As halos to the gold mineralisation was maxi-
mised using OTVCA.

Compared to direct mapping using a single characteristic absorption
feature or the information of a single band, the proposed indirect
mapping returns improved results. This is an early attempt to use such
an indirect workflow to map a target that is not “visible” to the sensor in
any form. This study serves as a crucial step towards integrating the
terrain, geological and spectral data into mineral prospecting. The study
here is carried out from a geoscience perspective where the explain-
ability of the rendered results from a geoscience perspective was majorly
emphasised. However, future work in this study would be more
addressed from a data science perspective to minimise the topographic
effects further by using sub-pixel-based training and/or pixel-based
membership value which would potentially improve the classification.
Furthermore, this approach is not only confined to indirect mineral
mapping but can also be expanded to map As toxicity levels in the
environment. Thus, in the future, more generalised models for easier
transferability across domains and study areas shall be attempted.
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