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3) To quantify thermal manifestations and their preferred spatial occurrence using thermal infrared remote 

sensing. 

We hypothesise that plant spectral responses (kanuka in New Zealand) can serve as a proxy for subsurface 

activity in geothermal areas. This is a novel geothermal exploration perspective which is of relevance to areas with 

dense plant cover around the world, the geothermal energy potential left untapped is very large and it is a renewable 

energy which will play a key role in the future (Jolie et al., 2021; Soltani et al., 2021; Ahmed et al., 2022). 

1.4 Thesis structure 
This thesis presents novel methodologies to explore subsurface activity in geothermal areas via direct 

detection of barren surface and alteration, plant interactions with the subsurface activity (i.e. heat, element 

depletion or excess) and spatial analysis of heat distribution. The methodology applies analysis of hyperspectral 

(VNIR/SWIR), thermal infrared and LiDAR imagery in combination with rock/soil and plant samples. The thesis 

is composed mainly of published papers (Chapter 3) or manuscripts submitted for publication (Chapters 4 and 5) 

in international peer-reviewed journals. Therefore, some chapters contain repetition of core concepts (e.g. 

hyperspectral and thermal infrared remote sensing, geological setting) and previous research. As such, each chapter 

works as an independent manuscript which provides the relevant context to understand the material presented and 

a detailed description of the data post-processing and methodology. Even though each of the three main chapters 

stands alone, all of them are oriented to understating subsurface processes taking place in Waiotapu Geothermal 

Field, and directly or indirectly build upon each other. Chapter 6, provides a synthesis of the main chapters and 

their findings along with some recommendations on utilising hyperspectral remote sensing for geothermal 

explorations. All references are located at the end of the thesis in Chapter 7. 

This thesis starts with an introductory chapter and literature review (Chapter 1-2) which recapitulate 

previous research related to subsequent Chapters (3, 4 and 5) which involve novel research. Chapter 2 contains 

five subtopics Waiotapu Geothermal Field, Hyperspectral remote sensing, Remote sensing application at 

geothermal fields, Thermal infrared remote sensing and Biogeochemistry. 

Chapter 3 exemplifies the implementation of hyperspectral remote sensing in Waiotapu Geothermal field, 

becoming the first documented application of hyperspectral remote sensing to geothermal areas in New Zealand. 

Lithological maps were created with the use of Spectral Angle Mapper (SAM) and Support Vector Machine (SVM) 

supervised classification. To complement the airborne data, 75 rock/soil samples were acquired from field. These 

samples were analysed for their element concentrations and detailed mineral identification with Inductively 

Coupled Plasma Mass Spectrometry (ICP-MS), Scanning Electron Microscopy (SEM) and Energy Dispersive X-

ray Spectroscopy. Three main groups of mineral assemblages were selected from the image classifications, 

including acid-sulphate alteration (characterised by mud-pools), mixed alteration caused by sulphur-chloride 
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Chapter 6 presents the discussion and conclusions, divided into Geological model for Waiotapu Geothermal 

Field, Implications for geothermal exploration, future work and new directions and Conclusions. It compiles the 

information from Chapters 3, 4 and 5 in a synthesised manner, highlighting novel findings, their linkage to previous 

studies and perspectives for future research.  
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Figure 2.1. Overview of the Taupo Volcanic Zone with location for geothermal areas and close-up of Waiotapu Geothermal Field. A) TVZ location within the North Island of New 

Zealand. B) Main geothermal areas of the TVZ. C) An enlarged area of Waiotapu Geothermal Field on a true-colour airborne imagery.  
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vapour from reservoir condensing near surface when reaching meteoric water forming a suite of secondary 

minerals including cristobalite, kaolinite, alunite, sulphides and native sulphur associations (Table 2.3) 

(Hedenquist, 1991). The latter alteration towards the southern areas, is characterised by intermingling alteration 

mineral associations due to the circulation of chloride-rich fluids. The minerals related to chloride-rich fluids form 

albite/adularia/epidote/chlorite alteration occurring at temperatures as low as 180 °C, with recrystallized 

groundmass rich in quartz polymorphs, pyrite, pyrrhotite, titanite, leucoxene, calcite and limonite, sphalerite and 

galena (Hedenquist & Browne, 1989) (Table 2.3). Occurrence of alteration minerals in the north comprises an 

assemblage of kaolinite, alunite, cristobalite, native sulphur and fine pyrite, dominant within the top 50 m but 

reaching depths of 200 m from 100 to 100 °C (Hedenquist & Browne, 1989) (Table 2.3). This assemblage of 

minerals is caused by acid-sulphate waters, in the north which with higher elevations can result in mud pools 

whereas in the south, closer to the water table, it has caused collapse craters due to large scale dissolution of the 

glassy and pumiceous volcanics of the host rock (Hedenquist & Henley, 1985; Hedenquist & Browne, 1989).  
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Table 2.3. Main minerals documented at Waiotapu Geothermal Field. (More details in (Hedenquist & Browne, 1989; Pope & Brown, 

2014)). 

Primary 

Mineral 

Alteration / 

secondary mineral 
Location Depth Process 

Plagioclase 

feldspar 

(Albite, 

oligoclase, 

andesine) 

Albite/ oligoclase 
Phenocrysts replacement and vein 

filling  
>200 m 

Replacing andesine, more 

abundant than adularia 

Adularia 
Phenocrysts replacement and vein 

filling  
>100 m 

Replacing andesine. May result 

from boiling 

White mica 

(muscovite to illite) 

Phenocrysts replacement and vein 

filling  
<300 m Replacing andesine 

Chlorite 
Phenocrysts replacement and vein 

filling  
>200 m 

Major alteration product of biotite 

or pyroxenes 

Epidote 
Phenocrysts replacement and vein 

filling  
>350 m Replacing adularia 

Zeolite 
Phenocrysts replacement and vein 

filling  
<400 m 

Reaction of volcanic rocks to 

alkaline groundwater 

Quartz 

Phenocrysts replacement, 

disseminated, vein and fracture 

filling  

Throughout 
Ubiquitous as recrystallization of 

glass 

Calcite 
Phenocrysts replacement and vein 

filling  
>150 m Deposition from a boiling fluid 

Pyroxene 

Epidote 
Phenocrysts replacement and vein 

filling  
>250 m Replacing adularia 

Chlorite Fracture and vein filling >200 m 
Major alteration product of biotite 

or pyroxenes 

Pyrite Fracture and vein filling >50 m  

Titanite Disseminated >100 m 
Late overprint, associated with 

leucoxene 

Quartz 

Phenocrysts replacement, 

disseminated, vein and fracture 

filling  

Throughout 
Ubiquitous as recrystallisation of 

glass 

Biotite 
Epidote 

Phenocrysts replacement and vein 

filling  
>250 m Replacing adularia 

Chlorite Phenocryst replacement >200 m 
Major alteration product of biotite 

or pyroxenes 

Fe-Ti Oxides 

(e.g. 

Leucoxene (e.g. 

rutile, titanite) 
Disseminated >100 m Alteration product from magnetite 

Titanite Disseminated >100 m 
Late overprint, associated with 

leucoxene 
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magnetite, 

ilmenite) 

Alkalis + 

Silica 

Alunite 
Disseminated, fracture and vein 

filling  
<200 m 

Leached from alkali and silica by 

hot, acid water, by acid-sulphate 

steam-heated waters 

Kaolinite 
Disseminated, fracture and vein 

filling  
<200 m 

Leached from alkali and silica by 

hot, acid water, by acid-sulphate 

steam-heated waters 

Amorphous silica Disseminated Throughout 
Ubiquitous as recrystallisation of 

glass 

Quartz 

Phenocrysts replacement, 

disseminated, vein and fracture 

filling  

0 and 

deeper 

Ubiquitous as recrystallisation of 

glass 

Calcite Fracture and vein filling >150 m Deposition from a boiling fluid 

Quartz 

Phenocrysts replacement, 

disseminated, vein and fracture 

filling  

Throughout 
Ubiquitous as recrystallisation of 

glass 

Groundmass  

Titanite Disseminated >100 m 
Late overprint, associated with 

leucoxene 

Pyrite 
Disseminated, fracture and vein 

filling  
>50 m Alteration from pyrrhotite 

Calcite Fracture and vein filling >150 m Deposition from a boiling fluid 

Zeolite Fracture and vein filling <400 m 
Reaction of volcanic rocks to 

alkaline groundwater 

White mica 

(muscovite to illite) 

Phenocrysts replacement and vein 

filling  
<300 m Late overprint 

Chlorite Phenocryst replacement >200 m 
Major alteration product of biotite 

or pyroxenes 

Leucoxene Disseminated >100 m Alteration product from magnetite 

Pyrrhotite Fracture and vein filling 200-400 m 
From highly reducing conditions, 

now being replaced by pyrite 
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classification. It can be performed manually by selecting areas with pure materials or selecting the 

endmember spectra from a multidimensional data cloud (i.e. n-Dimensional scatter plot), in other cases a 

fully automated endmember determination is applied (Eismann, 2012). Pixel Purity Index which aids to 

obtain the most spectrally pure pixels (Qu et al., 2014). 

Table 2.4. Post-processing methods and their impact on further analytical methods. 

Post-processing method Impact on analytical methods 

Data reduction Can reduce computational requirements, but there is potential for information loss. 

Data transformation 
Enhance data for easier manipulation and information extraction for further analysis. On 

the other hand, which transformation is chosen can be highly data dependant, requiring 

some a priori expert knowledge. 

Endmember extraction 
Enables accurate classifications and unmixing. However, if there is not enough spectral 

separation between endmembers it can lead to inaccuracies within analytical methods. 

Spectral smoothing 
Noise reduction, as well as improvement within further analytical methods 

(classification). Regardless there is the possibility of oversmoothing, leading to loss of 

information and inaccuracies. 

 

2.2.4 Analytical methods 
Spectral analytical techniques can be grouped in various manners, including date of emergence, presumed 

randomness, type of data they are applied to, the way pixels are treated, the need for training data and data 

representation fashion (Asadzadeh & de Souza Filho, 2016). Here we present a taxonomic tree organised by the 

basis on which a priori reference data are needed or not (Figure 2.4). It is also worth noting there are ensemble 

classifiers that take into account several classifiers to allocate a class label for a given pixel. 
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Figure 2.4. Taxonomic tree of spectral processing techniques organised by a priori reference required or not. Modified from (Asadzadeh and de Souza Filho, 2016b). The acronyms 

used in the tree and throughout the text are: BR: band ratio, RBD: relative absorption band- depth, PCA: principal component analysis, LS-fit : least-square fitting, DA: derivative 

analysis, SFP: spectral fingerprints, MMWT: maximum modulus wavelet transform, CBD: continuum band-depth, FP: fitted polynomial, QF: quadratic fitting, CF: curve fitting, 

LO: logical operator, DT: decision tree, ES: expert systems, MGM: modified Gaussian model, EGO: exponential Gaussian optimization, WA: wavelet analysis, FSD: Fourier self-

deconvolution, Hapke: Hapke (bidirectional) scattering theory, Iso-grain: Iso-grain scattering theory, Shkuratov: Shkuratov scattering theory, k-NN-SRM: k-nearest neighbors-

statistical region merging, OPF-SRM-IC: optimum-path forest-statistical region merging, BE: binary encoding, ED: Euclidean distance, NED: normalized Euclidean distance, SD: 

spectral distance, SGA: spectral gradient angle, SAM: spectral angle mapper, SCM: spectral correlation mapper, SID: spectral information divergence, CCSM: cross-correlogram 

spectral match, SSM: spectral similarity mapper, SFF: spectral feature fitting, PLSR: partial least square regression, MD: minimum distance, MHD : Mahalanobis distance, ML : 

maximum likelihood, ANN: artificial neural network, SVM: support vector machines, DT: decision tree, RF: random forests, FLC: fuzzy logic classifier, IK : indicator kriging, OSP: 

orthogonal subspace projection, MF : matched filtering, CEM: constrained energy minimization, ACE: adaptive coherence estimator, MTMF : mixture tuned matched filtering, 

TCIMF : target-constrained interference-minimized filter, LSU: linear spectral unmixing, ICA: independent component analysis, SVM: support vector machines, ANN: artificial 

neural network, BM: Bayesian model, GA: genetic algorithm, ISU: iterative spectral unmixing, MESMA: multiple endmember spectral mixture analysis, ISMA: iterative spectral 

mixture analysis, EB: endmember bundles, SA: simulated annealing 
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consuming and expensive (Cao et al., 2020; Liu et al., 2017). One of the deep learning 

methods which has gained a lot of success for hyperspectral classification is Convolutional 

Neural Network (CNN), therefore plenty of CNN-based methods have emerged, such as deep 

CNN, contextual deep CNN, and others (Krizhevsky et al., 2017; Acquarelli et al., 2018). 

These methods can learn quickly (Wang et al., 2022), but there is also a risk of overfitting 

(Chu et al., 2022) and it also requires usage expertise (Mäyrä et al., 2021). 

Both classification and regression analysis require various degrees of training and independent 

validation data that has not been used in the model development (Molinaro et al., 2005; Lyons et al., 

2018). Validation methods for classification and regression have often been used, including: 

1. Training and Test Split, is also known as the learning-test split of the holdout method 

(McLachlan, 1992). It creates a single partition based on a predetermined ratio (e.g. 80-20% 

for training and validation, respectively) (Molinaro et al., 2005). It is a popular method which 

uses little computational power, but it has two sources of bias including each observation 

contribute only to either the training or testing set and if the learning set is small, the test set 

error for the model tends to over-estimate the model error on the full dataset (Molinaro et al., 

2005; Pawluszek-Filipiak & Borkowski, 2020; An et al., 2021). 

2. Cross validation is also known as k-fold cross validation and can vary to leave-one-out cross-

validation (LOOCV) or Monte Carlo cross-validation (MCCV) (Molinaro et al., 2005). They 

have the benefit of testing all data once whereas other validation methods (Bootstrapping or 

Monte Carlo) do not (Lyons et al., 2018). LOOCV has not been favoured over k-fold in cases 

where the sample size is large, due to computational burden (Molinaro et al., 2005). The 

variation of different partitioning methods can introduce a variety of adverse effects on the 

predictive model, including covariate shift (Moreno-Torres et al., 2012), over- or under-

sampling (Blagus & Lusa, 2015) and computational burden (Molinaro et al., 2005). 

3. Bootstrapping, is a resampling technique which belongs to the Monte Carlo family methods 

(Efron & Tibshirani, 1993; Berrar, 2019). It resamples the data repeatedly and can be adapted 

to other sampling schemes easily (Fox, 2002; An et al., 2021). Along with LOOCV it has 

been found to give some of the smallest biases (Molinaro et al., 2005; Berrar, 2019). 

However, it is prone to overestimate the prediction error (Molinaro et al., 2005). 

The assessment of model performance can be benchmarked using error metrics (Foody, 2008), 

this measure how well the model fits to the data you used to create the model (Hughes & Fisher, 

2022). In general, the model tends to improve the more variables you can include, but this is usually 

an unrealistic approach and it can also cause overfitting (Hughes & Fisher, 2022). There is a wide 
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acquired data, the theoretical basis for this application can be found in (Abubakar et al., 

2017a). 

2) Heat output: Surface heat flux calculations with a variety of methods can constrain 

geothermal reservoir models (Mongillo, 1994; Bromley et al., 2011; Haselwimmer et al., 

2013; Heasler & Jaworowski, 2018). Radiative heat flux represents the heat emitted by 

radiation from the ground plus indirect (re-radiated) solar radiation effects (Vaughan et al., 

2012). In geothermal areas, radiative heat flux is the function of heat transfer rates from the 

depth to the surface by fluid convection and conduction without indirect radiation (Watson et 

al., 2008). Heat flux calculations have been achieved from satellite platforms, including 

Landsat (Japan (Morifuji et al., 2021), Yellowstone, USA (Watson et al., 2008)) and ASTER 

(Yellowstone, USA (Vaughan et al., 2012). Hand-held and airborne platforms can also be 

useful and provide much higher resolution data. These have been applied using FLIR sensors 

to a range of geothermal systems, including Pilgrim Hot Springs, Alaska (Haselwimmer et 

al., 2013) and Yellowstone, USA (Jaworowski et al., 2010), Waimangu, New Zealand 

(Seward et al., 2022). With UAVs in Wairakei, New Zealand (Nishar et al., 2016), and UAVs 

using Optris sensors in Mexico (Carbajal-Martínez et al., 2021). 

3) Monitor ing features: In non-exploited areas, developed reservoirs or in the vicinity of 

urban areas (Reeves & Rae, 2016; Zaini et al., 2022). Temporal change detection is often 

based on two or more TIR image acquisitions of different times (Sekertekin & Arslan, 2019; 

Gemitzi et al., 2021). This can then reveal thermal changes indicative of variations in the 

production if the resource is being exploited, geological structures or geothermal hazards 

(Allis, 1979, 1981; Bromley et al., 2010; Haselwimmer et al., 2013; Reeves & Rae, 2016). A 

variety of platforms and revisit times have been used when monitoring a geothermal area, a 

study compared three spaceborne platforms (e.g. ECOSTRESS, ASTER and Landsat 8), 

finding high compatibility between the three (Silvestri et al., 2020). With ECOSTRESS 

providing higher spatial resolution and shorter revisit time, representing an improvement over 

the other two platforms (Silvestri et al., 2020). ECOSTRESS satellite is quite recent but a 

variety of other satellite platforms have been used, including Landsat (Karapiti, New Zealand 

(Mia et al., 2012), New Zealand (Seward et al., 2018)), Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) (Yellowstone National Park, USA (Vaughan 

et al., 2012a, 2020)). Airborne platforms have also been widely used with sensors like the 

Forward Looking Infrared (FLIR) (New Zealand (Seward et al., 2018), USA (Haselwimmer 

et al., 2013; Jaworowski et al., 2013)). The use of UAVs like in other applications is also 
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increasing, being applied to geothermal areas like Parco delle Biancane, Italy (Silvestri et al., 

2020) or Seulawah Volcano, Indonesia (Marwan et al., 2021). UAVs can provide regular 

monitoring with good results (Harvey & Luketina, 2014; Nishar et al., 2016; Marwan et al., 

2021). This technique has proven its capability to calculate heat loss, with the potential of 

becoming a key tool for geothermal applications (Harvey et al., 2016). 

In the case of narrowband hyperspectral TIR, mineral detection and mapping have been the 

main focus of the applications. Besides readily mappable minerals using VNIR and SWIR, TIR 

domain con further detect silica-bearing minerals and phosphates, elements representative of 

geothermal areas (Van der Meer et al., 2012; Calvin et al., 2015; Ninomiya & Fu, 2019). Due to the 

emissivity caused by the vibration modes of Si-O, S-O and C-O (Notesco et al., 2016). For this 

application with TIR data, SEBASS airborne platform have been the most used, in areas with scarce 

vegetation (Reath & Ramsey, 2013; Ninomiya & Fu, 2019; Hewson et al., 2020). 

Sulphate minerals including alunite and jarosite have characteristic absorption bands in both 

VNIR/SWIR and TIR regions (Kruse et al., 2011; Laukamp et al., 2021). Alunite at 9,000 nm and 

jarosite at 9,100 nm and a broader feature around 9,800 nm, as well as at 10,990 nm (Bishop & Murad, 

2005; Rowan et al., 2006) can be diagnostic for mapping surface alteration within geothermal fields 

(Kruse et al., 2011; Kraal et al., 2018). Oxide minerals such as goethite present a doublet absorption 

feature within 11,000-13,000 nm (Eismann, 2012) aiding accurate identification. Those have been 

the subject of mapping studies using airborne platforms, such as the Spatially Enhanced Broadband 

Array Spectrograph System (SEBASS) (Salton Sea, USA (Reath & Ramsey, 2013) and other 

geothermal areas of USA (Vaughan et al., 2003, 2005)). Also with hand-held platforms like FTIR 

(Bishop & Murad, 2005; Calvin et al., 2015). 

Clay minerals including kaolinite, montmorillonite, illite/smectite, have spectral features at 

8,840, 9,400, 9,900, 10,500 and 11,000 nm (Rowan et al., 2006; Eisele et al., 2015; Abera, 2018). 

Identification has been proven with airborne platforms such as MODIS/ASTER airborne simulator 

(MASTER) and SEBASS (Steamboat Springs, USA (Vaughan et al., 2005)) and Airborne 

Hyperspectral Scanner (AHS) in Czech Republic (Notesco et al., 2014). As well as ground FTIR 

sensors in Australian samples (Eisele et al., 2015) and laboratory measurements resampled to ASTER 

satellite parameters (Rowan et al., 2006) with good results. 

Silicate minerals, such as quartz and its polymorphs, present absorption features between 

8,000-9,000 nm, including a characteristic narrow doublet feature at 8,600 nm (Sabins, 1999; 

Eismann, 2012; Kruse, 2014). Identification has been proposed via satellite platforms like ASTER 
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possible analogue for other planets (Russell & Hall, 1997; Preston et al., 2008; Pirajno, 2009), adding 

relevance to understanding their behaviour in such environments. 
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3.1 Introduction 
Geothermal exploration has aimed to spatially and temporarily characterise geothermal surface 

features linked to their subsurface hydrogeological system. When characterising surface alteration 

types various techniques have been used in the past, such as geological techniques (Calvin et al., 

2015; Giordano et al., 2013; Lagat, 2007; Mauriohooho et al., 2014; Simpson & Rae, 2018), 

geochemical techniques (Blasco et al., 2018; Bobos & Williams, 2017; Burgos, 1999; Harvey et al., 

2017), and geophysical techniques (Bibby et al., 1994; Calvin et al., 2005; Hochstein & Soengkono, 

1997; Mongillo, 1994; Reeves & Rae, 2016; Seward et al., 2018). However, it is often a combination 

of these exploration techniques that provides extensive and in-depth information on geothermal 

systems. 

Remote sensing can support delineation of hydrothermal alteration zones and minerals, thermal 

anomalies and tectonic features, by employing classification algorithms, regressions models and 

image threshold approaches (Han et al., 2018; Haselwimmer & Prakash, 2013; Rajesh, 2004; Reeves 

& Rae, 2016; Van der Meer et al., 2012; Vaughan et al., 2010; Watson et al., 2008; Yang et al., 2000). 

Geothermal development represents a significant investment cost, with a considerable 42% of the 

total cost being related to exploration (Jennejohn, 2009; Shortall et al., 2015). Remote sensing 

techniques can effectively reduce the cost and time of initial reconnaissance surveys of larger areas 

faster and cheaper than ground-based mapping alone (Bakker et al., 2009; Bedell et al., 2017; El 

Bouazouli et al., 2019; Jones et al., 2010; Noorollahi et al., 2005; Rathod et al., 2013). Furthermore, 

remote sensing technology can reach countries where the economic and location circumstances 

inhibit geothermal exploration surveys. 

Optical remote sensing techniques measure electromagnetic energy reflected, emitted or 

scattered by an object without physical contact (Bakker et al., 2009; Clark, 1999). In particular, 

hyperspectral remote sensing has a great value due to their narrow and contiguous bands, which can 

be used to characterise alteration mineralogy in scarcely vegetated geothermal systems (Hellman & 

Ramsey, 2004; Kratt et al., 2006). Visible-Near Infrared (350-1,300 nm, VNIR) and Shortwave 

Infrared (1,300-2,500 nm, SWIR) hyperspectral sensors acquire spectral information, which allows 

for the detection of sulphates (e.g. alunite, jarosite, gypsum), phyllosilicates (e.g. kaolinite, 

montmorillonite, illite, micas) and carbonates (e.g. calcite, siderite) (Calvin et al., 2015; Kereszturi et 

al., 2020; Kratt et al., 2006; Swayze et al., 2014; Van der Meer et al., 2018; Zhang & Li, 2014). Silica, 

opal and quartz are other relevant and distinctive mineralisation products of geothermal areas that 

have particular absorption features in the Thermal Infrared (TIR) region of the spectrum, detectable 

with hyperspectral sensors (Aslett et al., 2018; Feng et al., 2018; Vaughan et al., 2003). The 
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Field, faulting and fractures can increase some vertical permeability while the host rock has a high 

intrinsic horizontal permeability, allowing fluids to move south and west from the heat source 

(Hadfield et al., 2001; Hedenquist, 1982; Kaya et al., 2015; Mongillo, 1994; Wood, 1994), to finally 

drain into the Waiotapu Stream, which flows to the south and joins the Waikato River (Lloyd, 1959). 

Waiotapu is hosted by Oruanui and Rangitaiki Ignimbrite closest to the surface of a series of 

pyroclastic flows from rhyolitic eruptions (Cole, 1990; Ritchie, 1996; Wood, 1994). These are often 

interlayered with lacustrine sediments of the Huka Group Formation, which act as a litho cap of the 

hydrothermal system (Kaya et al., 2014). Deep chloride-rich fluid heats up and rises, interacting with 

groundwater which causes irregular acidic alteration patterns (Hedenquist, 1982; Hedenquist & 

Browne, 1989). The fluids and host rock interactions resulted in a variety of surface features, 

including steaming ground, fumaroles, collapse and hydrothermal eruption craters, silica deposits and 

sinters, mud pools, hot chloride pools, sulphur-chloride and bicarbonate-chloride springs (Grange, 

1937; Hedenquist & Browne, 1989; Hunt et al., 1994; Lloyd, 1959). 

Waiotapu Geothermal Field has often experienced changes in the groundwater table level due 

to pressure changes (more detail in (Hedenquist & Browne, 1989; Lloyd, 1959)), forcing a spatial 

shift in springs depositing sinter. Occasionally, hydrothermal eruptions can occur, including one of 

the most prominent surface features of Waiotapu Geothermal Field, the Champagne pool, now filled 

with chloride-rich thermal waters (Gallagher et al., 2020; Hedenquist & Browne, 1989). The 

Champagne pool currently deposits silica sinter enriched in, gold and silver with native sulphur and 

antimony sulphides on the rim (Simmons et al., 2016). 

The argillic alteration from steam-heated waters occurs in the northern part of the system 

(Hedenquist & Browne, 1989) forming a suite of secondary minerals such as cristobalite, kaolinite, 

alunite, sulphides and native sulphur associations (Hedenquist, 1991). The southern part of the system 

hosts at the water table level, neutral pH high-chloride waters and silica sinter (Pirajno, 2009), which 

combine with the prevailing acid-sulphate features (Hedenquist, 1991). 

Furthermore, the present surface cover is dominated by dense scrub vegetation (Cochrane et 

al., 1994; Deroin et al., 1995; Given, 1980; Mia et al., 2012), limiting hydrothermal lithological 

mapping to windows of rock outcrops proximal to geothermal surface features. The most abundant 

plant species are kanuka (Kunzea ericoides var. microflora), ferns (e.g. Hypolepis species) and some 

moss species (e.g. Campylopus pyriformis) (Beadel et al., 2018; Burns & Leathwick, 1995; Smale & 

Fitzgerald, 2015). 
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Figure 3.1. Waiotapu Geothermal Field location in New Zealand North Island, within the TVZ geothermal fields. White 

dash lines represent normal faults Ngapouri and Paeroa, green points sampling sites. Chloride-rich surface features located 

inside the blue filled area and acid-sulphate features are prominent inside the orange area. Red squares (a,d,g) refer to 

Figure 3.9 close-ups. 

3.3 Data and Methods 

3.3.1 Airborne Hyperspectral Data Collection and Instrumentation 
Hyperspectral airborne imagery was captured using an AisaFENIX push-broom, full-

spectrum instrument mounted on a Cessna 185 aircraft. It acquires data from 0.38 to 2.5 µm, 

collecting 448 spectral bands with a ground resolution of 1 m (for more details (Kereszturi et al., 

2018; Pullanagari et al., 2016)). The aerial survey was carried out in a North-South direction between 

11:20 to 12:59 local time on 13 April 2019 (UTC +12 hrs), with only 10 hours difference from the 

thermal infrared image acquisition flight at night. 

The data pre-processing included radiometric corrections using CaliGeoPro, followed by 

atmospheric corrections in ATCOR-4 (Richter, 1998), and geo-rectification in PARGE (Schläpfer & 

Richter, 2002). The individual image strips were then mosaicked into a full data cube. Exposed soil 

and rock versus vegetation was selected using 0.4 as a threshold value for the Normalised Difference 
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Vegetation Index (NDVI). The airborne hyperspectral data had some noise due to atmospheric 

interferences (1.9-2.1 µm) which was removed, and a neighbourhood derivative spectral smoothing 

was applied. 

3.3.2 Thermal Infrared Remote Sensing, Spatial Change Analysis 
The airborne Thermal Infrared (TIR) image was captured on 13 April 2019 at night between 

20:30 and 23:30, with a FLIR A615 TIR sensor by GNS Science (details in, Reeves & Sanders, 2019). 

The night acquisition can minimise solar heating and solar reflection effects on the ground surface 

(Seward et al., 2018). A linear temperature calibration from water bodies measured at the time of the 

TIR survey was applied to the image to get absolute temperature values (for more detail Reeves and 

Sanders, 2019). However, it is important to note as temperatures are calibrated to water, caution is 

advised when examining other surface temperatures (i.e. soil and rock). The thermal imagery was 

used to assess the surface temperature spatial change of soil and rock for different hydrothermally 

deposited and altered zones through qualitative analyses. 

3.3.3 Image Classification 
Supervised classification approaches were utilised in this study using training samples 

(Ghamisi et al., 2017). Labelled class data were selected as polygons using field observations, 

hyperspectral imagery and high-resolution RGB photographs. 10 Classes were selected (Table A1.3) 

based on field data and spectral variability; dry silica, wet silica, water, river water, other water, 

champagne pool outflow, host rock rich, kaolinite dry, kaolinite wet and soil with vegetation. A 

variety of water classes were selected as the suspended particles and the level of microbial contained 

in them create a range of spectral reflectance profiles (Table A1.3). Differentiation between dry and 

wet mineralogy groups was also relevant for a correct classification as water considerably affects the 

SWIR portion of the spectral signature. The labelled class data were then subsetted randomly, on 

polygonal bases into 70% for training and 30% to test the classification accuracy. We used per-class 

and overall accuracies along with confusion matrices to assess the accuracy and F1-score of each 

classification (Foody, 2020). 

Two commonly used classification algorithms were used, Spectral Angle Mapper (SAM) and 

Support Vector Machine (SVM). SAM is a pixel-based technique which measures the similarity of 

an image pixel to a reference spectrum and calculates the angle between two spectra, treating them 

as vectors in a space with dimensionality equal to the number of input bands. SAM has been widely 

used for surface classifications with good results (Asadzadeh & de Souza Filho, 2016; Debba et al., 
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2005; Kruse et al., 1993; Van der Meer, 2018), but does not take into account the spectral variability 

inherent from many rocks (Zhang & Li, 2014). 

SVM is a non-parametric machine learning classification algorithm based on statistical 

learning theory. It constructs a model based on the training data that are used to make predictions 

about the unknown data sets. With a linear or non-linear hyperplane in a multidimensional space 

which best separates the labelled classes data (Gewali et al., 2018; Varshney & Arora, 2004). In this 

case, to create a non-linear decision boundary a radial basis function kernel was applied. SVM can 

produce a high classification accuracy regardless of small training data sets in comparison to the 

predicted data set (Mountrakis et al., 2011). 

3.3.4 Rock and Soil Spectral, Chemical and Scanning Electron Microscope (SEM) 

Analysis 
In total, 74 soil and rock samples were collected a week after the imagery, to complement 

and serve as ground truth information. Soil or rock samples were collected to represent features of 

Waiotapu Geothermal Field, including a range of typical mineral alteration styles (Figure 3.1). The 

74 samples were left to dry at ambient temperature (~17 °C) for 2 to 3 days, ground and sieved through 

a 1 mm mesh before laboratory based spectral acquisition and chemical analyses. Analytical Spectral 

Devices (ASD) Fieldspec High Resolution 4 was used to obtain the light reflectance properties of all 

samples at Massey University, calibrated to a white surface reference after 3 spot-measurements each 

with 5 measurements which were averaged. The elemental chemical concentration analysis was 

carried out with an Inductively Coupled Plasma Mass Spectrometer (ICP-MS), retrieving the 

chemical concentration of 53 elements (Table A1.1). Geochemical data are typically expressed in a 

form of compositional data (e.g. proportions, percentages), these types of data are constrained and 

require a transformation such as Centred Log-Ratio (CLR) to be suitable for statistical approaches 

(Aitchison, 1986, 2008; Muriithi, 2015). CLR was applied, and after a PCA to the chemical 

concentration values, elements with similarities (Smith, 1988), co-variation (Hood et al., 2019; 

McKinley et al., 2016) and possibly correlated within the geothermal system were selected. 

A subset of 6 samples was prepared for SEM-EDS analysis as polished rock slabs. The rock 

samples were cut, mounted onto glass slides and then grounded to a thickness between 0.6 and 1 mm 

and polished for SEM analysis. Afterwards, the samples were carbon-coated and imaged using 

ThermoFisher Scientific FEI Quanta 200 Environmental Scanning Electron Microscope. This 

equipment works in backscatter electron (BSE) mode under an accelerating voltage of 20 kV and a 

working distance of ca. 10 mm, at Manawatu Microscopy and Imaging Centre - Massey University. 
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3.4 Results 
Waiotapu Geothermal Field encompasses a complex combination of geothermal surface 

features, to gain an improved understanding of the system, ground samples are studied to better 

interpret remote sensing imagery. Therefore, ground samples were analysed to obtain their spectral 

signature, mineral characterisation and chemical element concentration. The mineral classification 

and hydrogeological processes derived from these techniques were compared to the classification 

obtained from the hyperspectral imagery and associated with the thermal infrared imagery. This 

comparison allowed an extensive understanding of the hydrogeological system and how well it is 

reflected by remote sensing approaches. 

3.4.1 Hydrothermal Alteration Types from Ground Samples 
The analysed soil and rock samples show a series of primary and secondary minerals that 

were identified by their absorption features in the VNIR/SWIR parts of the electromagnetic spectrum 

(Table A1.2). Furthermore, the hydrothermal alteration mineralogy has also been cross-checked with 

SEM-EDS analysis on selected samples. The samples can be classified into three main groups; silica-

dominated, ignimbrite-dominated (host-rock) and acid-sulphate alteration, based on their dominant 

alteration mineralogy and original lithologies. 

 

Figure 3.2. Spectral reflectance profiles for some mineral samples from Waiotapu. 

The silica-dominated group includes quartz and its polymorphs with some minor native 

sulphur, which precipitates near chloride-rich features. Sample WAIs_27 from the silica sinter 
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terraces displays opal with the addition of the characteristic absorption feature of sulphur around 0.39 

µm (Figure 3.2a). However, it is worth noting that silica-rich minerals can be limitedly detected by 

SWIR techniques due to their lack or broad absorption features. This group deposits from near-neutral 

pH chloride-rich waters spatially concentrated on the south of the system (Figure 3.1). Sinters are 

dominated by laminated layers of silica precipitates (Figure 3.3a), depositing silica in various rates 

and porosities, related to abiotic and biotic conditions of the environment (Handley et al., 2005). 

Some laminae from sample WAIs_27 include organic matter and silicified microbiome (Figure 3.3c-

d). Northern areas of Champagne Pool, as well as south of silica sinter terraces, where Champagne 

Pool waters mix with Lake Whangioterangi have greater amounts of native sulphur precipitation on 

surface intermixed with quartz polymorphs neighbouring the near-neutral chloride-rich surface 

features (Figure 3.3b). 

 

Figure 3.3. SEM from representative samples from the silica dominated region. a) Silica sinter sample displaying clear 

lamination and the formation of spicule on surface. b) Sample from a sulphur vent, formed by native sulphur and silica. c) 

Silica sinter sample containing microbiome matter. d) Silica sinter sample containing silicified microbiome. 
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The ignimbrite -dominated group comprises moderate to pervasively altered samples, with 

a range of opal/quartz polymorphs and phyllosilicate with occasional Fe oxides. Analysed sample 

WAIs_21 from Waiotapu Geothermal Field presents mild alteration, with extensive silicification and 

a homogeneous texture, encompassing quartz crystals (Figure 3.4). From spectroscopy analysis, we 

identify other samples that exhibit Fe oxide influence, observed in additional absorption features 

around 0.65 and 0.95 µm, corresponding to goethite and hematite minerals (Figure 3.2b) (Hunt & 

Ashley, 1979). The alteration to such minerals will be pH dependant, acidic (pH 0 to 4) and alkaline 

(pH = 10-14) favours the formation of goethite, while neutral pH favours the formation of hematite 

(Schwertmann & Murad, 1983). Both pH conditions exist within the fluids seen at Waiotapu 

(Giggenbach et al., 1994; Pope & Brown, 2014). 

 

Figure 3.4. SEM-BSE image of sample WAIs_21, showing extensively silicified host rock with quartz crystals and vugs. 

The acid-sulphate alteration group is typically characterized by kaolinite, alunite and 

jarosite alteration, mineral phases. These are formed by acid sulphate, steam-heated waters occurring 
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above the groundwater table (Dill, 2001; Hedenquist & Browne, 1989; Rye et al., 1992). From the 

spectroscopy analysis, we observe this mineral group shows typical absorption features show around 

0.38, 0.43, 0.48, 0.94, 1.41, 1.91, 2.2 µm ±.02 µm (Figure 3.2a-b), consistent with phyllosilicates 

dominated by the kaolin group minerals from argillic alteration (John et al., 2008; Kereszturi et al., 

2020; Sillitoe & Hedenquist, 2003). More details of absorption features and spectral matchings of 

samples on Table A1.2. 

SEM imaging and energy-dispersive X-ray spectroscopy (EDS) from selected samples with 

different mineralogies display the complex acid-sulphate alteration taking place in Waiotapu 

Geothermal Field. These three samples reveal a variety of silica polymorphs in their possible form 

from the host rock but mostly forming the groundmass as recrystallized forms. A variety of alteration 

minerals have crystalized (alunite, baryte, Ti-rich, and pyrite) as pseudomorphs and by filling voids 

and fractures (Figure 3.6 and Table A1.2). Typically, alunite occurs void space with well-formed 

crystals of 10-200 µm across (Figure 3.5). The composition of alunite is typically potassium rich 

(Figure 3.5b-c). 

 

Figure 3.5. BSE image of the WAIs_06 sample showing well-developed void-filling alunite crystals (a) with EDS elemental 
maps for Al/K (b) S (c) and Si (d). 
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Figure 3.6. SEM (left column) and EDS (right column) results for three samples representative from acid-sulphate alteration 
areas. Labelled EDS spots are colour coded. a) Sample WAIs_06 shows K-alunite crystals occupying voids with silica rich 
interior walls, as part of a recrystalised silica groundmass. b) Sample WAIs_22 shows silica and sulphur replacing a former 
crystal, with baryte precipitation occupying voids. c) Sample WAIs_ 
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Figure 3.6. 07 shows a Ti-rich alteration phase crystal with a silica rich rim, in a silica rich groundmass including quartz 

crystals. 

3.4.2 Spatial pattern of elemental distribution and their co-occurrence 

 

Figure 3.7. Principal Component Analysis of elemental compositions. Sb, Au, As, Ag and S can easily be grouped together 
along the PC1 positive direction. 

The samples have been analysed for bulk chemical composition using ICPMS. The data 

returned 53 elements 36 of which are within detection limits (Table A1.1). Most of the elements did 

not show a high variance within samples, however, As (0.7 to >10000 mg/kg), Au (0.0001 to 3.28 

mg/kg), and Sb (0.02 to 391 mg/kg) had large variance values and are elements associated within 

high-temperature geothermal systems (Hedenquist & Henley, 1985; Weissberg, 1969). Element 

concentrations were transformed using a Centred Log-Ratio (CLR) transformation, before analysing 

it with PCA. The PCA results show that Au, As, Sb and Ag are associated elements that follow a 
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similar behaviour and can be grouped together (Figure 3.7). Furthermore, those functional groups of 

elements also show spatial correlation when plotted as graduated circles depending on each element 

concentration (Figure 3.8). The spatial distribution shows higher concentrations around the southern 

part of the field, where the parent fluid (i.e. near-neutral pH, chloride-rich waters) reaches the surface. 

The most prominent example of such is Champagne Pool waters which flow downhill for about 250 

m to Lake Whangioterangi outflow which flows into Lake Ngakoro (Figure 3.8). 

 

Figure 3.8. Waiotapu Geothermal Field spatial distribution of element concentrations (mg/kg) for silver (a), arsenic (b), 

gold (c), antimony (d) and sulphur (e). Element concentrations were measured with ICP-MS. 
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3.4.3 Remote Sensing Surface Characterisation and Thermal Spatial Distribution 
The SAM and SVM image classifications both show high overall accuracies, with overall 

accuracies of 85.1% and 98.7% respectively. Both utilised the same training and testing data, which 

includes the three main hydrothermal mineral groups and a variety of water features (Table A1.3). 

The classifications were performed on a smoothed version of the hyperspectral imagery, mineral 

classes were selected with support of field observations and the mineralogical analysis of the collected 

ground samples. A variety of water classes were selected as great differences in colour and suspended 

sediment that affects the spectral reflectance considerably. 

The easiest classes to discriminate by both algorithms are Soil / Vegetation, Dry Silica and 

Other Water (Tables 3.1 and 3.2). In contrast, Champagne Pool Outflow class is often misclassified 

as River Water, Other Water, by 0.22%, and 0.29% respectively in the SAM classification, and with 

Wet Silica and Wet Kaolinite classes, by 0.95% and 0.24% respectively in the SVM classification. 

This is principally due to the strong absorption of water in the SWIR region, which lowers the 

reflectance along this section of the spectrum (Table A1.3).  

The lithological classes with regards to SVM display a more congruent spatial classification 

(Figure 3.8), as well as fewer misclassifications with other classes (Table 3.2). The training polygons 

for the Ignimbrite Dominated class are inherently mixed with different levels of mineral alteration, 

also their training spectral average displays similarities in absorption features around 0.90 and 1.40 

µm, which could be causing confusion between Ignimbrite Dominated and Kaolinite Dry classes 

(Table 3.2). The most remarkable difference between SAM and SVM occurs within the kaolinite 

group, particularly visible in the mud pools located in the northern part of the system, correctly 

identified by SVM (Figure 3.9e-f).  
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Table 3.1. Error matrix for SAM, values are percentages and bold values show the percentage areas correctly classified. 

  

Spectral Angle Mapper (SAM), Error Matrix (percentages) 

Class Dry Silica 
Wet 

Silica 

Green 

Water 

Water 

River 

Champagne 

Pool Outflow 

Ignimbrite 

Dominated 

Dry 

Kaolinite 

Wet 

Kaolinite 

Soil / 

Vegetation 

Other 

Water 
Sum 

Dry Silica 8.79 0.87 1.02 0.00 0.00 0.15 0.18 0.00 0.00 0.00 11.00 

Wet Silica 0.00 4.79 0.00 0.00 0.00 0.00 0.00 0.04 0.00 0.00 4.83 

Green Water 0.00 0.00 11.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 11.18 

River Water 0.00 0.94 0.54 6.97 0.22 0.04 1.23 0.15 0.00 0.00 10.09 

Champagne Pool 

Outflow 
0.00 2.21 0.00 0.00 8.13 0.00 0.00 1.13 0.00 0.00 11.47 

Ignimbrite 

Dominated 
0.00 0.07 0.00 0.29 0.00 10.09 0.91 0.00 0.00 0.00 11.37 

Dry Kaolinite 0.00 0.00 0.00 0.54 0.11 1.09 4.94 0.00 0.00 0.00 6.68 

Wet Kaolinite 0.00 3.23 0.00 0.04 0.00 0.00 0.15 6.50 0.00 0.00 9.91 

Soil / Vegetation 0.00 0.00 0.00 0.04 0.00 0.04 0.00 0.00 8.17 0.00 8.24 

Other Water 0.00 0.00 0.00 0.00 0.29 0.00 0.00 1.85 0.00 13.07 15.21 

Sum 8.79 12.13 12.75 7.88 8.75 11.40 7.41 9.66 8.17 13.07 100.00 
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Table 3.2. Error matrix for SVM, values are percentages and bold values show the percentage areas correctly classified. 

Support Vector Machine (SVM), Error Matrix (percentages) 

Class Dry Silica Wet Silica 
Green 

Water 

Water 

River 

Champagne 

Pool Outflow 

Ignimbrite 

Dominated 

Dry 

Kaolinite 

Wet 

Kaolinite 

Soil / 

Vegetation 

Other 

Water 
Sum 

Dry Silica 19.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 19.67 

Wet Silica 0.00 11.45 0.00 0.00 0.95 0.00 0.00 0.00 0.00 0.00 12.40 

Green Water 0.00 0.00 6.87 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6.87 

River Water 0.00 0.00 0.00 7.74 0.00 0.00 0.08 0.00 0.00 0.00 7.82 

Champagne Pool 

Outflow 
0.00 0.00 0.00 0.00 8.37 0.00 0.00 0.00 0.00 0.00 8.37 

Ignimbrite 

Dominated 
0.08 0.00 0.00 0.00 0.00 7.19 0.00 0.00 0.00 0.00 7.27 

Dry Kaolinite 0.00 0.00 0.00 0.16 0.08 0.16 1.66 0.32 0.00 0.00 2.37 

Wet Kaolinite 0.00 0.00 0.00 0.00 0.24 0.00 0.00 11.14 0.00 0.00 11.37 

Soil / Vegetation 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.00 13.19 0.00 13.27 

Other Water 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 10.58 10.58 

Sum 19.75 11.45 6.87 7.90 9.64 7.42 1.74 11.45 13.19 10.58 100.00 
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Figure 3.9. Classification images with SAM and SVM. a) Silica-dominated area with b) SAM classification and c) SVM 

classification. d) Acid-sulphate alteration area with e) SAM classification and f) SVM classification. g) Ignimbrite-

dominated area with h) SAM classification and i) SVM classification. 
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to the surface through voids and fractures, altering the host rock and mobilizing elements (Dobson et 

al., 2003; John et al., 2008; Torres-Alvarado & Satir, 1998). Alunite is a common mineral from 

advanced argillic alteration along with kaolinite, well documented to indicate acidic conditions in 

Waiotapu Geothermal Field and the TVZ, (Hedenquist, 1991; Hedenquist & Browne, 1989; Simpson 

& Rae, 2018; White & Hedenquist, 1990), whereas Ti-rich alterations and baryte have not been 

mentioned in previous studies. 

 

Figure 3.11. Classification images with SVM and classifications for hand samples. 

Of the collected 74 hand samples, 35% are exposed in the hyperspectral image. Out of which 

70% match the classified lithological type by SVM (Figure 3.11). This highlights the efficiency of 

remote sensing techniques. Extensive areas of silica sinter deposit in the southern area at water table 

level and predominant acid-sulphate alteration in the northern areas above the water table are visible 

in the image classification. Furthermore, pervasive acid-sulphate alteration patches scattered 

throughout Waiotapu Geothermal Field are also detected, displaying the complexity of the 

hydrothermal system. Presenting the practicality of remote sensing to classify partially vegetated 

geothermal areas and its capability to deliver information which assists in the hydrothermal alteration 

and evolution of the system. 

3.5.2 Element Mobility and Distribution within Geothermal Systems 
High chloride waters represent the deep parent fluid, which transports a range of elements 

(Fournier, 1989a; Lewis et al., 1997) through faults and fractures with elevated permeability (Nash 
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et al., 2004). Leaching elements such as arsenic (As), boron (B), fluoride (F), chromium (Cr), 

strontium (Sr), barium (Ba), antimony (Sb), lithium (Li), selenium (Se) thallium (Tl), and mercury 

(Hg) from the host rock, which deposit on subsurface and surface environments (Christensen et al., 

1983; Henley and Ellis, 1983; Hetzer et al., 2007; Berger and Henley, 2011; Maity et al., 2011; Ullrich 

et al., 2013; Bundschuh and Maity, 2015; Want et al., 2018; Simpson and Christie, 2019; Heap et al., 

2020). 

Rock and soil samples proximal to the main near-neutral chloride-rich water upwelling areas 

(e.g. around the Champagne Pool), exhibit high concentrations of co-varying Ag, As, Au and Sb (e.g. 

Figure 3.7), while gradually decreasing concentration were measured over acid-sulphate dominated 

areas with prevalent steam-heated ground waters (Figure 3.8). Gold and silver are present in 

amorphous arsenic and antimony sulphides, most notably in the rim of Champagne Pool. The 

concentration of such elements is aligned with previous studies (Hedenquist and Henley, 1985; 

Giggenbach et al., 1994; Simpson and Bignall, 2016). Hence, spatial mapping through image 

classification can reveal active and ancient silica-dominated areas, representing preferred fluid 

pathways to the surface of geothermal fluid, as well as proxies for spatial mapping of the elemental 

distribution of some of these elements. 

3.5.3 Image Classification for Surface Lithological Mapping 
 

Many studies have mapped surface alteration minerals remotely, targeting specific minerals 

(i.e. alunite, kaolinite, jarosite) to delineate advanced argillic alteration and assess geothermal fields 

with minimum vegetation coverage (Crósta et al., 1998; Sabins, 1999; Debba et al., 2005; Swayze et 

al., 2014; Hoang and Koike, 2018), some reaching up to 92% overall accuracy. In our study, both 

classification algorithms identified the main surface features associated with hydrothermal alteration 

and depositions associated with different fluids with high accuracies (e.g. 98.7% for SVM 

classification). Even with the fact that the target classes are often mixed and soil/rock exposure is 

limited.  



83 
 

Table 3.4. Common minerals from geothermal areas, absorption features in µm. db - dobulet, br - broad, nr �± narrow, lr �± 

left right skewed, rs �± right side skewed. Form (Clark, 1999; Clark et al., 1990, 2003; Lagat, 2007; Scott & Yang, 1997; 

Simpson & Rae, 2018; Van der Meer et al., 2014; Van der Meer et al., 2012), also based on the USGS Spectral Library 

Imaging Spectroscopy 

Mineral Absorption Features  Identification 

Actinolite 0.674 (br) (Fe), 1.04, 1.39 (nr) (Mg-OH), 2.32 (nr) (Mg-OH), 2.39 

(nr) 

Indirect 

Adularia No particular absorption features in VNIR/SWIR Indirect 

Alunite 1.41 (db) (OH), 1.46 (OH), 1.77 (nr) (Sulphates?), 2.17 (db) (Al-OH), 

2.33 (nr) (Al-OH) 

Direct 

Baryte 0.370 (br), 1.93 (br) Indirect 

Biotite 2.32 (Mg-OH), 2.39 (Mg-OH) Indirect 

Calcite 2.30 (lr) (CO3), 2.55 (lr) (CO3)  Direct 

Chlorite 0.715 (br), 1.39 (nr), 2.25, 2.33 Indirect 

Epidote 0.366, 0.457, 0.473, 0.616 (br), 1.36, 1.41, 1.55, 2.25 (nr) (Fe-OH), 

2.34 (nr) (Fe-OH) 

Indirect 

Goethite 0.430 (db) (Fe), 0.650 (Fe), 0.973 (br) (Fe), 2.41 Direct 

Gypsum 0.996 (br), 1.19 (br), 1.45, 1.49, 1.54, 1.75 (db), 2.20 (Al-OH) Direct 

Hematite 0.540 (db) (Fe), 0.880 (br) Direct 

Illite  1.41 (OH), 2.20 (br) (Al-OH), 2.34, 2.45 (Al-OH) Direct 

Jarosite 0.360 (br), 0.436 (nr), 0.898, 1.48 (OH), 1.85 (Sulphates?), 2.29 (Fe-

OH), 2.40 (Fe-OH) 

Direct 

Kaolinite 0.967 (db), 1.24 (OH), 1.40 (db) (OH), 1.82, 1.85, 1.92 (rs), 2.20 (db) 

(Al -OH), 2.32, 2.39 

Direct 

Mica 1.40, 1.90 (H2O), 2.20 (Al -OH), 2.35, 2.45 Direct 

Montmorillonite 1.15, 1400 (db) (OH + H2O), 1.90 (db) (H2O), 2.20 (rs) (Al-OH) Direct 

Opal 1.40 (db), 1.90 (db) (H2O), 2.20 (db) (br) Direct 

Prehnite 1.48 (nr), 1.92 (br), 2.24, 2.28, 2.35 (db) Indirect 

Pyrite 1.00 (br) Indirect 

Quartz No particular absorption features in VNIR/SWIR Indirect 

Sulphur 0.370 (br) Direct 

 

The identification of minerals using remote sensing platforms is complex, as it is affected by 

the grain size, amount of materials present (e.g. pervasive alteration versus surface coating), 

reflectance angle and atmospheric effects which cause a high signal-to-noise ratio (Clark & Roush, 

1984). Furthermore, some minerals (e.g. quartz) do not have any particular absorption feature in the 
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VNIR/SWIR region (Table 3.4). SAM can discriminate between unknown and labelled training data 

using measured spectral angles between them. This approach considers therefore only the shape of 

the spectral reflectance, regardless of its intensity. This has resulted in a decrease in the overall 

classification accuracy compared to SVM (e.g. 85.1% vs 98.7%). Furthermore, our ground samples 

indicate the dominance of silicification and silica-precipitation from overflowing fluids. These 

lithologies are dominated by spectrally featureless minerals (e.g. quartz, Table 3.4), causing the 

observed decrease in the classification results. The observed increase in classification accuracy by 

SVM (e.g. Wet Silica, Ignimbrite Dominated classes in Table 3.2) has the ability to incorporate not 

only spectral data (e.g. location and shape of the spectral reflectance profiles), but also light intensity 

changes among classes. Even though SVM has been proven to be less sensitive to Hughes 

phenomenon (i.e. training samples being relatively small compared to the number of bands) (Melgani 

& Bruzzone, 2004; Shao & Lunetta, 2012), it can result in overfitting (Bruzzone et al., 2005). 

However, the SVM results match in ~75% to the ground sampling data, highlighting that advanced 

machine learning based algorithms, such as SVM, can cope with spectrally featureless minerals, such 

as quartz. This can make them ideal for mapping geothermal areas dominated by silica sinter 

deposition and silicification alteration processes, improving our understanding of the geothermal 

systems. 

Hyperspectral images through advanced image classification are well suited for mapping 

geothermal surface features and lithologies, however, they also have limitations. For example, the 

high spatial and spectral resolution can reduce some uncertainties but increase computational demand 

and processing complexity. Spectral mixing is a clear example of such complexity, in geothermal 

areas clay minerals tend to be mixed with other minerals which often share absorption features 

amongst them (Clark, 1999; Clark et al., 2003; Swayze et al., 2014). Furthermore, the bare ground 

pixels can also be mixed with the surrounding vegetation cover, resulting in a complex surface 

signature (Qu et al., 2014). These should be considered when selecting a training population. In this 

chapter/study, the thresholding approach using NDVI values gave favourable results, however, more 

advanced methods, such as semi-supervised algorithms (Ekanayake et al., 2018), can be applied in 

the future. 

3.5.4 Role of Hyperspectral and Thermal Infrared Remote Sensing in Geothermal 

Exploration 
Thermal infrared remote sensing represents a cost-effective technique to map and quantify 

temperature anomalies associated with surface geothermal features (e.g. fumaroles, hot springs, 

geysers, heated ground) to assess heat output, extension and temporal changes (Coolbaugh et al., 



85 
 

2007; Haselwimmer & Prakash, 2013; Mongillo, 1994; Reeves & Rae, 2016; Romaguera et al., 2018). 

The surface temperature depends on several physical parameters (e.g. albedo, slope, compaction, 

grain size, thermal inertia), some of which are minimised by acquiring imagery at night (Calvin et al., 

2005; Reeves & Rae, 2016). Furthermore, in our study, the temperatures were calibrated against water 

bodies on site while the flight takes place (Reeves & Sanders, 2019). With this in mind, estimated 

thermal data on soil and rocks can only be taken as an approximation and be used to detect spatial 

change, but not exact temperatures. 

Earlier exploration studies have demonstrated the importance of hyperspectral remote sensing 

in geothermal exploration (Nash et al., 2004). This study extends the capability by combining the 

hyperspectral imagery derived surface classification with thermal infrared imagery to explore the 

thermal behaviour of lithological and hydrological classes (Figure 3.10). This approach can reveal 

spatially implicit formation conditions of silica-rich and acid-sulphate dominated zones within a 

geothermal field. This technique holds the potential to determine thermal behaviours from VNIR 

hyperspectral data or the identification of acid-sulphate regions from thermal aerial data. 

Waiotapu Geothermal Field has seldom been explored in the last decade and hyperspectral 

remote sensing had not been carried out before. Regardless of the rock and soil exposure, 

conventional multispectral remote sensing is often too coarse resolution for assessing soil and rock 

exposures, and they are also lacking spectral bands to discriminate between (e.g. alunite vs kaolinite). 

The latter limitation can be overcome in the future by using new generation hyperspectral satellites 

such as PRISMA (Lopinto & Ananasso, 2013; Van der Meer et al., 2012) or upcoming SBG (Surface 

Biology and Geology) (Calvin & Pace, 2016; Kruse et al., 2011). This can lead to regional-scale 

mapping of geothermal surface manifestation, with improved spectral capability, but still with a 

limited spatial resolution of 30-60 m. 

From the remotely sensed acquired imagery which includes most of the 18 km2 of surface 

activity in Waiotapu Geothermal Field, only about 10% is exposed soil or water, the other 90% is 

largely covered by vegetation which hinders reflected electromagnetic radiation from the ground. 

Therefore, vegetation focused studies using hyperspectral technology can also be trialed in the future 

to detect proxies for subsurface activity. For example, the height and abundance are typically 

inversely related to heat output and heavy metal content as our ICPMS data show, which is in line 

with other observations from similar geothermal fields (Burns, 1997; Mia et al., 2014; Nash et al., 

2003; Wang et al., 2018). These relationships should be explored by future studies in geothermal 

areas. 
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3.6 Conclusions 
In this paper, image classification from airborne hyperspectral data of three main lithological 

classes; silica dominated, ignimbrite dominated, and acid-sulphate dominated was generated. An 

integrative analysis of Waiotapu Geothermal Field, including airborne hyperspectral VNIR and TIR 

imaging, laboratory spectroscopy, chemical concentrations, and SEM data was undertaken. 

Integration of VNIR hyperspectral and TIR remote sensing imagery along with chemical 

concentrations and spectral signatures from soil and rock samples helps identify the shallow mineral 

alterations and precipitates of Waiotapu Geothermal Field. 

Most of the soil and rock samples analysed represent a mixture of minerals, with poorly 

crystallised kaolinite, ignimbrite host-rock and native sulphur widely present. These are concordant 

with the image classification, as kaolinite and host rock were detected together on exposed soil. The 

silica-rich deposits formed by near neutral chloride-rich waters have been classified successfully by 

the SVM algorithm, despite the lack of particular absorption features in the VNIR/SWIR domains. 

This might require further attention by future studies to utilise contextual spectral information to be 

incorporated in hydrothermal lithological mapping in geothermal areas. 

Mapping of surface lithologies in geothermal areas can be improved by hyperspectral data 

combined with machine learning classification approaches. This is found to improve spatial 

distribution retrieval for spectrally featureless mineral phases, such as quartz. 

Another important aspect to investigate is how chemical concentrations exposed the relation of 

high chemical concentrations of Ag, Au, As, and Sb with the spatial reach of near neutral 

high/chloride waters. The presence of these elements delineates the reach of such fluids and can 

become bioavailable to vegetation causing detectable spectral features. For geothermal systems that 

are largely covered by vegetation, hyperspectral imaging can also be applied to map vegetation 

anomalies as a proxy for geothermal activity at shallow depths. 
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(Lloyd, 1959; Wood, 1994; Kaya et al., 2014), presenting surface features which include fumaroles, 

steaming ground, hydrothermal eruption craters, mud pools, hot chloride pools, acid-sulphate altered 

areas, silica and sinter deposits (Grange, 1937; Lloyd, 1959; Hedenquist & Browne, 1989; Hunt et 

al., 1994). Hot springs and explosion craters generally follow a NE-SW trend (Hedenquist & Henley, 

1985; Mongillo, 1994) with the Ngapouri and Paeroa faults as the closest active mapped faults, 

located 1.5 km and 5 km to the northwest respectively (Nairn et al., 1994; Rowland & Simmons, 

2012; Wood, 1994). Fluid from ~1 km depth is transported through faulting and associated fractures, 

offering vertical and horizontal permeability, allowing fluids to move south and west from the heat 

source (Hedenquist, 1982; Mongillo, 1994; Hadfield et al., 2001; Kaya et al., 2015). The thermal area 

drains into the Waiotapu Stream (Figure 4.1B), which joins the Waikato River to the south (Lloyd, 

1959). 

The extreme ground conditions (e.g. acidic soils, high temperatures) present at many 

geothermal areas of the TVZ can host rare communities of plant species that have adapted to these 

conditions. These geothermal ecosystems in the TVZ include a combination of ferns (e.g. Hypolepis 

species), moss species (e.g. Campylopus pyriformis), liverworts (e.g. Chiloscyphus semiteres) and 

shrubs (Given, 1980; Van Manen & Reeves, 2012; Smale et al., 2018). These species can live in 

extremely acidic soils, in proximity to steam, with nutrient excess or deficiency, water and/or soil 

with high contents of heavy metals and metalloids (Given, 1980; Burns & Leathwick, 1995; 

Boothroyd, 2009). Kunzea ericoides var. microflora (i.e. kanuka) is a thermotolerant vascular species 

endemic to geothermal areas of New Zealand that can live with soil temperatures above 40°C (Burns, 

1997; Van Manen & Reeves, 2012). The height of kanuka is generally related to the near-surface soil 

temperature with smaller plants in hotter soils (Burns, 1997; Muukkonen, 2005; Smale et al., 2018) 

and has also been documented to uptake and translocate non-essential elements (e.g. Ag, As, Cd and 

Sb) (Dunn & Christie, 2020). 

Approximately 90% of the areal surface at the Waiotapu Geothermal Field is covered by plants 

(Rodriguez-Gomez et al., 2021), with a ~10% dominated by kanuka. The high abundance of kanuka 

within geothermal systems makes this plant an ideal indicator species and proxy to link plant foliage 

and subsurface geothermal processes. 
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Followed by corrections of geometric inconsistencies performed in PARGE (Parametric Geocoding 

Software), with the use of ortho-photos acquired during the same flight with a Nikon D810 digital 

single-lens reflex camera (Schläpfer & Richter, 2002). A Savitzky-Golay (Savitzky & Golay, 1964) 

neighbourhood filter with a third-order polynomial smoothing (4 bands on each side) was applied to 

reduce noise caused by the sensor and atmospheric interferences. 

Table 4.1. Input data characteristics at different acquisition scales. Abbreviation: FWHM �± Full-width half maximum. 

Scale Laboratory-based 

(ASD FieldSpec) 

Airborne-based 

AisaFENIX 

Satellite-based 

(PRISMA) 

Spatial Resolution (meter) 0.01 1 30 

Number of Bands 2151 448 230 

Spectral Sampling Interval 

(nm) 

1.4/1.1 (VNIR/SWIR) 3.3/5.7 (VNIR/SWIR) 12 

FWHM (nm) 1.4/2 (VNIR/SWIR) 3.2/12.2 

(VNIR/SWIR) 

12 

 

The PRISMA (PRecursore IperSpettrale della Missione Applicativa) hyperspectral satellite 

provides VNIR/SWIR imagery (see Table 4.1 for instrument specifications) (Cogliati et al., 2021). 

One PRISMA tile (PRS_L2D_STD_20200304222315 _20200304222319_0001) was acquired on the 

4th of March 2020 with L2D processing (i.e. geolocation, geocoded at surface reflectance, aerosol, 

water vapour map and cloud characterisation) was used. Figure A2.1 exemplifies visually the spatial 

and spectral differences between the airborne and satellite datasets. 
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water discharges to the surface (Figure 4.1). The upflow here is enriched in metals (e.g. Ag, Au) and 

metalloids (e.g. As, Sb) (Weissberg, 1969; Wilson et al., 2012; Simmons et al., 2016). Lady Knox 

Geyser is another area with near-neutral high-chloride waters (Figure 4.1); however, the acquired 

field samples from this area do not show high concentrations of Au, As and/or Sb (Figures A2.6-

A2.7). This can be attributed to the smaller discharge in Lady Knox Geyser compared to Champagne 

Pool and the sampling locations being opposite to the groundwater flow direction. 

In contrast, zinc (Zn), barium (Ba), and cadmium (Cd - only from foliar samples) showed the 

opposite behaviour in both rock/soil and foliar (Figure 4.4). The differences between rock/soil and 

foliar samples for Ba (large Ba concentrations in plant samples but not in rock/soil samples) visible 

in the PCA (Figure 4.4) are attributed to the type of rock/soil samples (e.g. northern area samples 

have a higher organic matter content while southern areas are mostly lithology-dominated). Ba 

concentration in foliage shows a clear opposite trend to Ag, As and Sb (Figure 4.4). The opposite 

trend seems to be correlate with the distance from Champagne Pool (Figure 4.4), with high Ba values 

occurring towards areas of water mixing further away from the Champagne Pool (Dunn, 2007a). 

 

Figure 4.4. Score and loading plots of the Principal Component 1 (PC1) and Principal Component 2 (PC2) for (A) the 

foliar samples and (B) the rock/soil samples from Waiotapu Geothermal Field. Points are colour coded based on the 

distance from Champagne Pool. 

The complexity of the geothermal system and furthermore, the diverse controls on the uptake 

of elements by plants (Shtangeeva et al., 2011; Farooq et al., 2016), is reflected in weak to moderate 

co-occurrence values between rock/soil and foliar chemical concentrations (Figure 4.5): Ag (Pearson 

R: 0.28 and p-value: <0.01), As (Pearson R: 0.17 and p-value: 0.01), Ba (Pearson R: -0.38 and p-
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Overall rock/soil samples showed higher elemental concentrations than the foliar samples 

(Table 4.2). In this case, the bioaccumulation ratio was element-specific and non-linear, reflecting the 

complexity of the geothermal system and how the interrelations between rock/soil and foliar vary 

greatly throughout Waiotapu Geothermal Field. On average, higher bioaccumulation ratios were 

present in Ag and Ba, while As and Sb bioaccumulation ratios were significantly lower (Table 4.2). 

This can potentially indicate a barrier in the rhizosphere caused by mycorrhizal associations, which 

assist the plant obtaining nutrients and filtering toxic elements (Moyersoen & Beever, 2004). Some 

measured elemental concentrations in foliar samples are well above the toxic level tolerated in other 

species (Table 4.2), pointing to their potential as stress factors for plant growth in geothermal 

environments. Spectrally the kanuka samples show differences between high concentration and low 

concentration samples which are most prominent in 400-1500 nm and 1700 to 2200 nm (e.g. Figure 

2.7). 

Table 4.2. Chemical concentration ranges for rock/soil and foliar samples for silver, arsenic, barium, and antimony, 

phytotoxic levels for other plant species and bioaccumulation ratios from site samples. 

Element 

Rock/Soil [mg/kg] Foliage [mg/kg] 
Phytotoxic level 

[mg/kg] (other plant 

species) 

Bioaccumulation Ratio 

Minimum  Maximum Minimum  Maximum 
Average  

(all samples) 

Silver 

(Ag) 
0.01 6.95 0.0003 0.15 

3.8 in leaves (Wang et 

al., 2017) 
0.15 

Arsenic 

(As) 
0.7 12000 0.019 6.21 

0.003 in leaves 

(Wallace et al., 1980) 
0.06 

Barium 

(Ba) 
3.9 1018.3 0.42 33.65 

137 in soil (Suwa et al., 

2008b) 
0.14 

Antimony 

(Sb) 
0.02 392 0.04 2.87 

0.15 in leaves 

(Shtangeeva et al., 

2011b) 

0.052 

 

4.6.2 Classification and regression models 
The classification on laboratory-based spectral data on the foliage samples showed overall 

accuracy (OA) between 0.41 and 0.47 with LOOCV without removing any outliers to keep 

complexity (Table 4.3). The airborne-based spectral data classification showed an improved overall 
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accuracy between 0.45 and 0.57 after LOOCV (Table 4.3). Satellite-based spectral data classification 

had an overall higher accuracy between 0.57 and 0.66 after LOOCV (Table 4.3). Higher OA values 

from the airborne- and satellite-based data are possibly caused by the hyperspectral image being 

partially sensitive to canopy structure information (Croft et al., 2014; Almeida et al., 2021; Zeng et 

al., 2022) and samples larger area due to their larger spatial resolutions. Any outliers in the 

training/validation datasets can significantly lower the overall accuracy when LOOCV is used 

(Molinaro et al., 2005; Berrar, 2019), regardless, outliers were kept as they represent the high 

variability in the system. 

Table 4.3. Classification overall accuracy values for laboratory-based, airborne-based and satellite-based random forest 

models. Class-wise error and error matrix is included in the supplementary data. 

 

Airborne and satellite-based classification maps, showed good agreement between the 

observed spatial distributions of the samples, despite their large contrast in spatial resolutions (1 m 

versus 30 m). Classification maps for As, As and Sb indicate high concentrations near Champagne 

Pool, whereas Ba is enriched further away from the Champagne Pool (Figures 4.6-4.7). 

The satellite-based classification models and predictions in conjunction with the ICP-MS 

foliar chemical data were performed to test the upscaling capability of this method for satellite 

imagery (Figure 4.7). The same area of kanuka coverage from the airborne-based image was 

employed as a mask to extract the kanuka covered pixels from the co-registration (Root Mean Square 

Error of 1.5 m) satellite image. The satellite-based classification models showed overall accuracy 

between 0.57 and 0.66, slightly higher than the airborne-based predictions (Table 4.3). 

The performance of the regression models in laboratory and airborne-based datasets was 

deficient, with R2 values between 0.02 to 0.26 and 0.17 to 0.23, respectively. Intriguingly, the maps 

are spatially congruent; regardless of unsatisfactory performance (e.g. see Table 2.4, Figure 2.5 and 

S6). 

Element 
Overall Accuracy 

Laboratory-based Airborne-based Satellite-based 

Silver (Ag) 0.41 0.45 0.58 

Arsenic (As) 0.43 0.57 0.63 

Barium (Ba) 0.45 0.5 0.66 

Antimony (Sb) 0.47 0.48 0.57 
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Figure 4.6. Predictions for silver (A), arsenic (B), barium (C), and antimony (D) concentration in plants from airborne-

based imagery (high, medium, and low). (C) White arrows point to inferred groundwater mixing and low pH. Pink arrow 

points to high sulphate areas where barium is not bioavailable to plants. Green circle is the location of rock/soil sample_022 

which has baryte crystals (Rodriguez-Gomez et al., 2021a). 




















































































































































































































































































































































































