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ARTICLE INFO ABSTRACT

Keywords: Hyperspectral remote sensing is an emerging technique to develop new cost- and time-effective geophysical
Geothermal mapping methods. To overcome challenges introduced by plant cover in geothermal systems globally, we
Hyperspectral

hypothesise that foliage can be used as a proxy to map underlying surface geothermal activity and heat-flux due
to their capability on elemental uptake from geothermal fluids and host rock/soil. This study shows for the first
Partial least squares regression time that foliar elemental mapping can be used to image geothermal systems using both high-resolution airborne
Image classification and satellite hyperspectral images.

LiDAR This study has specifically targeted kanuka shrub (kunzea ericoides var. microflora) as a proxy media to develop
air- and spaceborne hyperspectral solutions to monitor inaccessible, biologically and culturally sensitive
geothermal areas. Using high resolution airborne AisaFENIX and PRISMA hyperspectral data, foliar element
maps for Ag, As, Ba and Sb have been developed using Kernel Partial Least Squares Regression and Random
Forest classification models to track their foliar distribution and develop a conceptual model for metal and
thermal induced changes in plants. Our study shows evidence that the created foliar element maps are in
concordance with independent LiDAR-retrieved canopy structure and height as well as temperature effects of the
underlying geothermal field. This study has proven air- and spaceborne hyperspectral sensors can indeed capture
critical information within the VNIR and SWIR regions (e.g. ~452, ~500, ~670, ~820, ~970, ~1180, ~1400
and ~2000 nm) that can be used to identify metal and thermal-induced spectral changes in plants reliably
(overall accuracy of 0.41-0.66) with remotely sensed imagery. Our non-invasive method using hyperspectral
remote sensing can complement existing practices for exploration and management of renewable geothermal
resources through timely monitoring from air- and spaceborne platforms.

Foliar element mapping
Random forest

1. Introduction (Mia et al., 2012; Rodriguez-Gomez et al., 2021). However, plant foliage

can also reflect geothermal activity by responding to the local soil and

Visible near infrared (350-1300 nm, VNIR) and Shortwave Infrared
(1300-2500 nm, SWIR) hyperspectral remote sensing has been
underutilized for monitoring geothermal resources globally. This is in
part due to the economic burden hyperspectral (VNIR/SWIR) imagery
acquisition has represented this far, and largely due to the obstacle
imposed by dense plant cover at geothermal systems, which can hamper
exploration by covering hydrothermal alteration patterns and
geothermal surface features (e.g. warm ground, hot springs, silica sinter)
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water chemistry, nutrient availability, geothermal heat and gas emis-
sions (Mia et al., 2012; Van Manen and Reeves, 2012). Plant spectral
responses to the geothermal environment have been seldomly studied,
presenting an opportunity to probe into geothermal systems by remotely
characterising the vegetation in the area in a novel manner. This can
further improve our conceptual understanding of plant-geothermal in-
teractions and their role in geothermal exploration.

Plants can be subject to stress due to various extreme conditions,
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such as high temperatures, acidic and nutrient-depleted soils, elevated
amounts of elements (e.g. silver - Ag, arsenic - As, antimony - Sb) and
water stress (Pippucci et al., 2015). For instance, high concentrations of
antimony, sulphur, arsenic and cadmium have caused changes in spec-
tral properties of plant canopy (e.g. red-edge shifting towards the blue
due to decreasing chlorophyll contents (Manzo et al., 2013; Rathod
et al., 2018)), however, these relationships have mostly been proven
only in controlled experiments (i.e. pot experiments). Elements such as
Ag, As and Sb are related to the deep “parental” waters in geothermal
areas (Wilson et al., 2012; Simmons et al., 2016), while other elements
such as barium, are correlated to the mixing of groundwater with
thermal waters (Dunn, 2007), and so their location is relevant in
geothermal exploration. Theoretically, vegetation can offer new insights
into shallow subsurface processes via fingerprinting element concen-
trations and their response to metals and metalloid in geothermal areas.

Waiotapu Geothermal Field, located in the Taupo Volcanic Zone
(TVZ), New Zealand, has been well studied (Hedenquist, 1991; Gig-
genbach et al., 1994; Reeves and Sanders, 2019) and is an excellent
test-ground to upscale the findings from such controlled laboratory ex-
periments and develop new remote sensing monitoring methods.
Waiotapu Geothermal Field has great natural variability of ground
conditions (e.g. low to high soil pH and temperatures up to 90 °C), with
unique thermotolerant vascular species including kunzea ericoides var.
microflora (i.e. kanuka) (Van Manen and Reeves, 2012). The height of
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kanuka has been previously related to the near-surface soil temperature
where smaller plant height indicates hotter soils (Muukkonen, 2005;
Smale et al., 2018). Furthermore, it has also been previously docu-
mented to uptake and translocate non-essential elements (e.g. Ag, As,
Cd, Sb) (Dunn and Christie, 2020). Approximately 90% of the areal
surface at the Waiotapu Geothermal Field is covered by plants (Rodri-
guez-Gomez et al., 2021), with a ~10% dominated by kanuka, making
this plant an ideal indicator species and proxy to link plant foliage and
subsurface geothermal processes for the first time.

The research objective of this study is to develop a non-intrusive
method for mapping geothermal activity in densely vegetated areas.
By utilising advances in laboratory, airborne and satellite-based hyper-
spectral remote sensing and data analytics, we propose a new method-
ology by combining them with elemental composition data of kanuka
foliage, rock and soil samples in a multivariate image classification
framework. The resultant interpretations from the element anomaly
maps derived from hyperspectral (VNIR/SWIR) data were supported by
independent high-resolution airborne thermal infrared (TIR) imagery
and light detection and ranging (LiDAR) data, as well as, existing
geological data, to establish the causality of the mapped elemental
anomalies at Waiotapu Geothermal Field, New Zealand (Figs. 1-2).
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Fig. 1. (A) Location map of Waiotapu Geothermal Field within the Taupo Volcanic Zone shown with other geothermal fields [modified from Bibby et al., 1995]. (B)
Central part of the Waiotapu Geothermal Field. Pink dots show the ground sampling sites. On B) the yellow dashed rectangle represents the approximate location of
Figs. 6, 7 and 9. The yellow circle on B) represents the location for a rock/soil sample which had baryte mineralisation (Rodriguez-Gomez et al., 2021).
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Fig. 2. The applied processing and analytical workflow of the present study. Shown in the first row is the employed data, which includes 3 types of hyperspectral
(VNIR/SWIR) data (laboratory, airborne and satellite-based), along with sample’s elemental concentrations to generate distribution maps interpreted in the lights of

independent LiDAR and TIR imagery.
2. Study area

Waiotapu Geothermal Field forms part of the Taupo Volcanic Zone
(TVZ), located in the North Island of New Zealand (Fig. 1). Geothermal
activity within the TVZ is associated with the subduction of the Pacific
plate under the Australian plate (Hunt et al., 1994; Wilson et al., 1995;
Kissling and Weir, 2005), subject to active extension in the overriding
plate (Rowland and Sibson, 2004; Seebeck et al., 2014). The TVZ
basement comprises indurated sedimentary rocks referred to as ‘grey-
wacke’ (Milicich et al., 2020), overlain by a sequence of pyroclastic
deposits, lavas and lacustrine sedimentary rocks (Steiner, 1963; Grind-
ley et al., 1994). Many geothermal areas in the TVZ are formed by
convective hydrothermal systems with a heated reservoir at depth (1-4
km) reaching temperatures above 200 °C (Hedenquist, 1991; Kaya et al.,
2014). The hot fluids interact with the host rock and groundwater,
forming acid-sulphate, near-neutral high chloride and bicarbonate

springs on the surface, exposing information about the subsurface ac-
tivity (Pirajno, 2009).

Waiotapu Geothermal Field is one of the largest by surface features
exposure of about 20 active geothermal areas in the TVZ (Fig. 1A), with
a surface area of ~18 km? and heat flow of ~500 MWt (Bibby et al.,
1995; Kaya et al., 2015). Seven wells drilled at Waiotapu Geothermal
Field between 1957 and 1962 presented maximum temperatures of
195 °C with maximum depths of 1000 m (Giggenbach et al., 1994).
Waiotapu is hosted by pyroclastic flows and lacustrine sediments
(Lloyd, 1959; Wood, 1994; Kaya et al., 2014), presenting surface fea-
tures 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 and
Browne, 1989; Hunt et al., 1994). Hot springs and explosion craters
generally follow a NE-SW trend (Hedenquist and Henley, 1985; Mon-
gillo, 1994) with the Ngapouri and Paeroa faults as the closest active
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mapped faults, located 1.5 km and 5 km to the northwest respectively
(Nairn et al., 1994; Rowland and Simmons, 2012; Wood, 1994). Fluid
from ~1 km depth is transported through faulting and associated frac-
tures, 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 (Fig. 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 and
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 and 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 and Reeves, 2012).
The height of kanuka is generally related to the near-surface soil tem-
perature 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 and
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.

3. Materials and methods

3.1. Airborne and satellite hyperspectral data collection and
instrumentation

An AisaFENIX sensor was used to capture an airborne hyperspectral
(VNIR/SWIR) image (Table 1 and Fig. 2) between 11:20 to 12:59 NZ
Standard Time on 13 April 2019. From the raw data digital numbers
were converted to at-sensor radiances with CaliGeoPro (Pullanagari
etal., 2016). Radiance values were converted to reflectance values using
Airborne Atmospheric and Topographic Correction Model, ATCOR
(Richter, 1998), using a “flat terrain” mode with image-derived water
vapour column 1 g/cm using bands at 1130 nm, initial visibility of 50
km, and rural aerosol model. Followed by corrections of geometric in-
consistencies 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 (Schlapfer and Richter,
2002). A Savitzky-Golay (Savitzky and 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 1
Input data characteristics at different acquisition scales. Abbreviation: FWHM —
Full-width half maximum.

Scale Laboratory-based Airborne-based Satellite-based
(ASD FieldSpec) (AisaFENIX) (PRISMA)
Spatial Resolution 0.01 1 30
(metre)
Number of Bands 2151 448 230
Spectral Sampling 1.4/1.1 (VNIR/ 3.3/5.7 (VNIR/ 12

Interval (nm) SWIR) SWIR)
FWHM (nm) 1.4/2 (VNIR/SWIR) 3.2/12.2 (VNIR/ 12
SWIR)
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The PRISMA (PRecursore IperSpettrale della Missione Applicativa)
hyperspectral satellite provides VNIR-SWIR imagery (see Table 1 for
instrument specifications) (Cogliati et al., 2021). One PRISMA tile
(PRS_L2D_STD_20,200,304,222,315 _20,200,304,222,319_0001) was
acquired on the 4th of March 2020 with L2D processing (i.e. geo-
location, geocoded at surface reflectance, aerosol, water vapour map
and cloud characterisation) was used. Figure S1 exemplifies visually the
spatial and spectral differences between the airborne and satellite
datasets.

3.2. Land surface cover classification

A Random Forest algorithm was utilised using labelled training
samples to separate kanuka shrub spatial coverage from the other land
surface cover classes (Table S1) (Ghamisi et al., 2017). Random Forest is
an ensemble classifier that produces multiple decision trees from
randomly selected samples (Belgiu and Dragu, 2016). It effectively deals
with large spectral datasets (Xia et al., 2014) with high co-linearity
(Belgiu and Dragu, 2016). It has been successfully applied to map tree
species (Dalponte et al., 2013; Ghosh and Joshi, 2014; Cavallaro et al.,
2015), hence this method was preferred in this study. Random Forest
classification implemented in EnMAP-Box (van der Linden et al., 2015)
was used. The classification model was computed using 500 decision
trees, gini coefficient as the impurity function and stopping criteria of 1
for minimum number of samples in a node and 0 as minimum impurity.
This classification was used to retrieve the aerial extent of kanuka and
used as a mask later (Figure S2).

3.3. Rock/soil and foliage analysis

A total of 74 rock/soil samples along with 77 kanuka foliage samples
were collected one week after the airborne survey. The sampling was
targeted to compare foliar elemental uptake from a variety of
geothermal environments within Waiotapu Geothermal Field, and to
provide a calibration/validation dataset. Plant samples only included
foliage of kanuka shrub (kunzea ericoides var. microflora), the dominant
shrub species in thermally active areas in New Zealand. At the field,
‘combined’ samples of multiple kanuka shrubs within a 3 x 3 m area
were collected to capture underlying variability.

Foliage samples were dried for 24 to 36 h at 40 °C. The leaves were
separated from the stem, ground with a coffee grinder and sieved (2 mm
mesh). Rock and soil samples were dried at 16-20 °C for 2 to 3 days, and
then ground and sieved (1 mm mesh).

The ground samples have been analysed with an Inductively Coupled
Plasma Mass Spectrometer (ICP-MS) at Bureau Veritas Mineral Labora-
tories, Vancouver, Canada (Fig. 2). Obtaining concentrations higher
than their detection level for 45 elements (Table S2), following the
standard provided by Dunn and Christie (Dunn and Christie, 2020). The
mineralogy and methods used for the rock/soil samples are presented in
(Rodriguez-Gomez et al., 2021) and the lithological map retrieved from
such samples is shown in Figure S3.

Reflectance between 350 and 2500 nm was collected from dried and
ground samples with an ASD FieldSpec High Resolution 4 equipped with
a contact probe (Fig. 2). Each spectral measurement was calibrated
against a white surface reference. An average from 3 spots, measured 5
times each, was obtained to create a single spectra measurement per
sample, splice corrected.

The foliar and rock/soil datasets were transformed using Log Ratio
(Aitchison, 1986) to convert the ICP-MS compositional data expressed in
mg/kg into a suitable sample space to be analysed using standard sta-
tistical approaches (Aitchison, 1986; Muriithi, 2015). In this study, a
Principal Component Analysis (PCA) was used to explore the underlying
structure within the chemical compositions for both foliar and rock/soil
datasets (Fig. 4). PCA calculates eigenvectors and eigenvalues of a
covariance matrix presenting differences and similarities of the data
(McKinley et al., 2016; Hood et al., 2019), exposing underlying patterns
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in high dimensionality data. Furthermore, Pearson-type linear correla-
tion, was also used which can also be helpful in cross-examine multi-
variate datasets, revealing similarities and correlations (Waskom, 2021)
(Figure S4).

3.4. Classification and regression for element zonation

The ground sample data and the hyperspectral data (VNIR/SWIR)
were used to develop classification and regression frameworks for
zoning element distribution within the Waiotapu Geothermal Field. The
spectral data (in all scales; satellite, airborne or laboratory-based) were
used here as explanatory variables (Table 1 and Fig. 2), while the
chemical composition data were used as target variables. All chemical
concentrations were transformed using log-ratio transformation
(Aitchison, 1986) to be quasi-normally distributed before classification
and regression.

Cross-validation has been suggested as one of the resampling
methods with the smallest bias and mean square error (Berrar, 2019),
and leave one out cross-validation can be computationally demanding,
however, due to the small sample population (Molinaro et al., 2005) it
was selected to train both classification and regression models. To assess
the prediction overall accuracy (OA) and mean absolute error (MAE)
were used for classification and regression, respectively.

For the classification, the ground sample’s elemental concentrations
were classified into three classes (low, medium and high) using standard
deviation for each selected element (Fig. 3). Due to the lack of infor-
mation regarding elemental uptake of kanuka shrub living in geothermal
areas a general scheme with three classes was selected. The classification
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was based on the distribution (n = 77) of each indicator element (e.g.,
Ag, As, Ba, and Sb). Their distributions are normal after log-
transformation, therefore, medium values correspond to “median”
values of the population, while the low and high values showing the
depleted and enriched areas, respectively. This is a robust way for
mapping spatial associations of those indicator elements.

Two sets of classification were created (Fig. 3): half standard devi-
ation and one standard deviation. The results for half standard deviation
are presented here (Table 3 and Figs. 6-7), while, the results for one
standard deviation are in the supplementary material. It is important to
highlight that they both have similar spatial trends (e.g. Figs. 6-7 and
Figures §5-S6). Random Forest classification algorithm was used to map
element concentration classes. To tune the model parameter “mtry” (i.e.
the number of variables which is randomly collected to be sampled in
each split) was assigned as a sequential value from 1 to 150, with the
highest overall accuracy value was taken as the optimal mtry value.
While the number of trees and maximum depth parameters were kept
constant, as 500 and none, respectively.

For each element’s classification model, the important variables
were retrieved following Hong et al. (2016). It considers two indices
Mean Decrease Accuracy (MDA) and Mean Decrease Gini (MDG)
extracted from the model. Utilising both indices considers not only the
importance but also the impurity of the variable. These values were
ranked and added to each other to compute a single total variable score
and select the important wavelengths (Fig. 8). Only the highest 10% was
deemed as important and plotted in comparison to the average plant
spectral reflectance for laboratory, airborne and satellite based spectral
signatures (Fig. 8).
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Fig. 3. Foliar chemical concentration after a log-ratio transformation showing the mean (dotted line), half- (solid line) and one-standard deviation (dashed line). (A)

Silver, (B) Arsenic, (C) Barium and (D) Antimony.
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For regression, Kernel Partial Least Squares (KPLS), an extension of
the original Partial Least Squares multivariate statistical technique
(Wold et al.,, 2001) was applied to the datasets (Table S3)
(Figures S2-S3). KPLS transforms the original data to a high dimensional
feature space using kernel functions for non-linear structure input data
and linear PLS for feature extraction (Rosipal, 2003). It can be used to
model relations between sets of observed variables and solve non-linear
problems, which has been used for similar plant datasets before (Pull-
anagari et al., 2016; Chakraborty et al., 2021). The number of PLS were
estimated based on the data using LOOCV, and the model with the least
MAE was selected.

3.5. Thermal infrared and LiDAR data

Night-time airborne Thermal Infrared (TIR) imagery over the
Waiotapu Geothermal Field was collected on 13 April 2019 with a FLIR
A615 TIR camera, following Reeves & Sanders (2019). The survey flight
altitude was 1-1.25 km above ground level. Resulting in a TIR image of
~0.7 m spatial resolution covering a total area of ~11 km?. In-situ water
temperatures were measured with a Yokogawa TX10 digital tempera-
ture metre which is connected to a K type thermocouple. The calibration
measurements were taken at the same time as image acquisition to
convert the airborne brightness values to absolute temperature (Reeves
and Sanders, 2019). Because temperature values were calibrated against
water bodies; temperature from other surfaces (i.e. rock/soil and fo-
liage) with different emissivity must be used with caution as they will
only be approximations (Rodriguez-Gomez et al., 2021).

The airborne LiDAR data were acquired in April 2019 and obtained
from Land Information New Zealand (LINZ) Data Service as part of the
Waikato — Reporoa and Upper Piako River LiDAR survey for Lincoln
Agritech Limited. The survey was captured in New Zealand Transverse
Mercator Projection with a spatial resolution of 1 m. The individual tiles
of Digital Terrain Model (DTM) and Digital Surface Model (DSM) data
were mosaicked together to form two single images, respectively,
covering the area of interest. The DTM mosaic was then subtracted from
the DSM model to obtain plant height.

The TIR and LiDAR datasets and their derivates provide approximate
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surface temperatures and plant height which have been studied previ-
ously at Waiotapu Geothermal Field (Burns, 1997; Van Manen and
Reeves, 2012). Thus, they allow independent corroboration of the
retrieved foliar element maps to further understand the effect of soil
temperatures as well as the chemical uptake of plants growing in
geothermal settings.

4. Results
4.1. Rock/Soil and foliar chemical relations

The bulk chemistry of rock/soil and foliar samples show 45 elements
above the detection limit (Table S2) to which a log-ratio transformation
was applied to normalize the compositional data. The PCA analysis and
linear correlations showed silver (Ag), gold (Au), arsenic (As) and
antimony (Sb) with similar behaviour in both rock/soil and foliar
datasets, positively influencing PC1 (Fig. 4), towards the samples closer
to Champagne Pool (Fig. 1). Champagne Pool in Waiotapu Geothermal
Field, which name derives from the abundance of CO5 bubbles coming to
surface, is one of the largest focal points from where near-neutral high-
chloride deep geothermal water discharges to the surface (Fig. 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
(Fig. 1); however, the acquired field samples from this area do not show
high concentrations of Au, As and/or Sb (Figures S6-S7). 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 (Fig. 4). The differences between rock/soil and foliar samples for
Ba (large Ba concentrations in plant samples but not in rock/soil sam-
ples) visible in the PCA (Fig. 4) are attributed to the type of rock/soil
samples (e.g. northern area samples have a higher organic matter con-
tent while southern areas are mostly lithology-dominated). Ba concen-
tration in foliage shows a clear opposite trend to Ag, As and Sb (Fig. 4).
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Fig. 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.
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The opposite trend seems to be correlate with the distance from
Champagne Pool (Fig. 4), with high Ba values occurring towards areas of
water mixing further away from the Champagne Pool (Dunn, 2007).
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 concentra-
tions (Fig. 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-value: 0.18), and Sb
(Pearson R: 0.40 and p-value: 0.18). Inter-elemental correlations with
Pearson R for rock/soil and foliar chemical concentrations are shown in
Figure S4. The low to moderate correlation is not unexpected, other
studies have also presented that elemental concentrations between soil
and plant samples do not exactly co-vary, due to chemical and biological
factors, such as variations in pH and bacterial richness, as well as
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temperature differences (Borovicka et al., 2006; Shtangeeva et al., 2011;
Crowther et al., 2019; Sleimi et al., 2021; Ubeynarayana et al., 2021).
Furthermore, the element uptake rates can vary amongst plant species
and are dependant on their broader environment such as the soil pH (e.g.
(Khan et al., 2015; Shahid et al., 2017)).

Overall rock/soil samples showed higher elemental concentrations
than the foliar samples (Table 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 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 and Beever, 2004). Some measured
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Table 2

Geothermics 111 (2023) 102716

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 12,000 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., 2008) 0.14

Antimony (Sb) 0.02 392 0.04 2.87 0.15 in leaves (Shtangeeva et al., 2011) 0.052

elemental concentrations in foliar samples are well above the toxic level
tolerated in other species (Table 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 S7).

4.2. 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 3) .
The airborne-based spectral data classification showed an improved
overall accuracy between 0.45 and 0.57 after LOOCV (Table 3).
Satellite-based spectral data classification had an overall higher accu-
racy between 0.57 and 0.66 after LOOCV (Table 3). Higher OA values
from the airborne- and satellite-based data are possibly caused by the
hyperspectral image being partially sensitive to canopy structure in-
formation (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 ac-
curacy when LOOCV is used (Molinaro et al., 2005; Berrar, 2019),
regardless, outliers were kept as they represent the high variability in
the system.

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 (Figs. 6-7).

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 (Fig. 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 3).

The performance of the regression models in laboratory and
airborne-based datasets was deficient, with R? 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 S4,
Figure S5 and S6).

Table 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.

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

From the classification models of laboratory, airborne and satellite-
based datasets, the MDA and MDG values from each element’s model
were extracted, ranked and added to compute a single total variable
score and select the important wavelengths (Fig. 8), following Hong
et al., 2016. Only the highest 10% was deemed as important and plotted
in comparison to the average plant spectral reflectance for laboratory,
airborne and satellite-based spectral signatures (Fig. 8). Most of the
selected important wavelengths are in the visible range for all datasets,
and >1000 nm for the laboratory-based dataset (Fig. 8).

5. Spatial distribution of canopy height and approximate
surface temperatures

The elemental distribution maps generated from elemental ICP-MS
measurements and hyperspectral (VNIR/SWIR) spectra (airborne and
satellite) can be compared with the LiDAR-derived plant height and TIR-
based approximate ground temperature maps, only within the kanuka
land cover type (Fig. 9). Both datasets correlate well with geothermal
activity and provide independent corroboration for the generated
elemental distribution maps. The two datasets showed a trend between
decreasing canopy height and increasing approximate surface temper-
ature within a clear boundary (Fig. 9C). This observation is consistent
with previous studies (Burns and Leathwick, 1995; Muukkonen, 2005;
Van Manen and Reeves, 2012). The abundance of shorter plants at low
temperatures is interpreted to be due to young plants that have not
reached full canopy height and some misclassification of kanuka for
rock/soil (~3% misclassification, error matrix in Table S1).

Furthermore, Ag, As and Sb present similar behaviour in terms of
plant height (Figure S10). The areas with high elemental distribution of
these three elements tend to manifest as “shorter” kanuka plants, while
the low elemental distributions often co-occur with “taller” kanuka
plants. On the other hand, Ba presents the opposite behaviour
(Figure S10).

6. Discussion
6.1. A new tool for elemental zonation using hyperspectral remote sensing

Previous studies have reported changes in the physical and chemical
behaviour of plants living in geothermal environments (Burns and
Leathwick, 1995; Van Manen and Reeves, 2012; Lattanzi et al., 2020).
Such physicochemical changes can become an exploration and moni-
toring proxy if quantified with hyperspectral imaging. For the first time,
this study shows the fingerprinting of physicochemical changes in fo-
liage due to geothermal activity, which can be captured spatially and
independently by laboratory, airborne and satellite-based hyperspectral
(VNIR/SWIR) remote sensing.

The predicted element zonation maps show strong similarities with
the ground samples/field observations (Figs. 6-7 and Figures S11-S12).
The predicted element zones mostly co-occur spatially with physical
changes to the canopy structure (e.g. LiDAR-based height) and TIR-
based ground temperature (Fig. 9). These changes in kanuka canopy
structure are in line with ground-based studies, documenting kanuka
shrub becomes significantly shorter (<0.5 m in height) when ground
temperatures are >40 °C (Burns and Leathwick, 1995; Smale et al.,
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Fig. 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., 2021).
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Fig. 7. Predictions for silver (A), arsenic (B), barium (C), and antimony (D) concentration in plants from satellite-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., 2021).
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and carotenoid-related absorption(~452 nm), (II) Red edge region (680 — 750 nm), (III) Metal-induced stress ~1370 - 1570 nm and ~1825 - 2170 nm, (IV) water
content ~ 2000 nm, (V) degradation of foliar pigments 470 — 510 nm and at 550 — 750 nm. Blue arrows point to noisy regions of the spectra (VI) <400 nm and (VII) >

2450 nm.

2018), and roots start growing horizontally (Van Manen and Reeves,
2012). Spectral changes can therefore be due to a combination of leaf
area and chlorophyll content changes, degradation of carotenoids, as
well as reduction of plant biomass (Shtangeeva et al., 2011; Sanches
etal., 2013; Dong et al., 2019). Nevertheless, high concentrations of Ag,
As and Sb can also occur in canopies >1 m in height (Figure S10).

The remotely (e.g. airborne and satellite) mapped elemental anom-
alies alone could still indicate physical variations to the canopy struc-
tures associated with the underlying geothermal system (Figs. 6-7).
However, our laboratory-based classification models returned similar
overall accuracy to the airborne models (0.41-0.47 versus 0.45-0.57,
Table 3), and very similar spectral band importance regions within the
spectrum studied, even though the laboratory-based samples had all
been dried and grounded. This highlights that the retrieved foliar
element concentration represents a combined effect of thermal and
metal-induced stress within an active geothermal area. The marginal but
better OA for the air- and spaceborne data (e.g. Table 3) can further
indicate a small contribution from the canopy structure and neigh-
bouring objects (e.g. exposed ground) due to the increased pixel size.

6.2. Remote detection of foliar element concentration in geothermal
systems

Regardless of being thermal-, water-, metal- or nutrient-induced,
plant stress can often be detected within VNIR by multispectral

(Poblete et al., 2020) and hyperspectral remote sensing (Slonecker et al.,
2009; Delalieux et al., 2009; Rathod et al., 2018). The assessment of
important wavelengths in remotely detected foliar element maps (Fig. 8)
can further yield insights into geothermal systems and changes in
shallow hydrological properties. Our study assessed Ag, As, Sb and Ba
which are commonly occurring elements in geothermal systems globally
(e.g. Yellowstone in U.S.A., Cerro Pabellon in Chile, The Geysers, U.S.A.)
(Smith et al., 1987; Macur et al., 2004; Reich et al., 2020). While those
elements alone have no unique spectral reflectance within the VNIR and
SWIR regions, their presence in plants can be inferred indirectly due to
the spectral changes. Our classification models returned important
wavelengths for all elements, with unique important wavelengths
detected for Ag, Sb and Ba, whereas As shares most of its important
wavelengths with the other elements (Table S5).

Within the VNIR region, the decrease of chlorophyll-a absorption can
cause shifts in the visible and red regions (Sims and Gamon, 2002;
Sanches et al., 2013) (Table S2), indicating metal and thermal stress
(Rathod et al., 2018). In this region, all four elements show an important
wavelength at ~452 nm in the laboratory and airborne-based models
(Fig. 8), which coincides with chlorophyll and carotenoid-related ab-
sorption (Sanches et al., 2013). At longer wavelengths, Ag, As and Sb for
laboratory-based (~642-696 nm) and airborne-based models (~490,
~510, and ~670 nm) returned a series of important wavelengths
(Table S5), located in a wavelength range that has been associated to the
degradation of foliar pigments at 470-510 nm and at 550-750 nm (I.D.
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Fig. 9. (A) Kanuka plant heights from the LiDAR data. (B) Approximate temperatures from airborne-based thermal infrared data. (C) Comparison plot between plant
height in meters and approximate temperatures in °C. Red diamonds show the distribution of the plant field samples.

Sanches et al., 2013) (Fig. 8). Ba also presents important wavelengths
within these two regions at ~480, ~500, and ~670 nm, both in the
laboratory and airborne-based models and ~500 and ~690 nm in the
laboratory and satellite-based models (Table S5). Notably, the four

12

elements present an important wavelength at ~720 nm for the
satellite-based model, a wavelength where a shift in the red-edge can
signal metal-induced stress (Slonecker et al., 2009). While this region
coincides with a minor water vapour absorption feature (Duarte, 1995),
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this part of the spectrum has also been highlighted in the
laboratory-based models (Table S5).

Our foliar element classification model highlighted a range of
important wavelengths between 800 and 1300 nm, indicative of internal
leaf structure damage due to external environmental factors (Roy, 1989;
Rathod et al., 2018). For example, Ag has been reported to inhibit water
flow across cell membranes leading to leaf damage (Cox et al., 2016;
Wang et al., 2018). Similar to Ag, exposure to As can damage cellular
membranes, causing electrolyte leakage (Kabata-Pendias, 2010; Finne-
gan and Chen, 2012). Both, Ag and As share important wavelengths in
the laboratory-based model at ~820-890 and ~1133 nm. Silver pre-
sents important wavelengths in the satellite-based model from
~800-910 nm, while As does at ~820 and ~930 nm. Sb can cause
growth retardation and inhibition of photosynthesis (Feng et al., 2013),
presenting important wavelength regions for the laboratory-based
model at ~970-1180 nm, and in the satellite-based model at ~887
nm. These three elements (Ag, As, and Sb) do not present any important
wavelengths in the airborne-based model in this region (Table S5).

Distinctly, Ba presents important wavelengths in the three scales,
sharing wavelengths at ~820 and ~890 nm with Ag, at ~820-890 and
~1180 nm with As and ~1180 nm with Sb at the laboratory-based scale.
The airborne-based model has important wavelengths at ~1280 nm and
for the satellite-based model there are important wavelengths at
~802-910 nm (Table S5). Barium, which can be toxic to plants (>5 mg/
kg) (Dunn, 2007; World Health Organization, 2016), can cause stomatal
closure and perturbation in the foliar metabolism (Suwa et al., 2008),
causing overall plant growth rate reduction (Sleimi et al., 2021). The
stomata function regulates gas transfer between plants and the atmo-
sphere for photosynthesis, plants living in geothermal areas have been
reported to present lower stomatal conductance and cell membrane
damage (Pippucci et al., 2015).

Within the SWIR, the leaf water content can impact spectral reflec-
tance between ~1300-2500 nm, causing 78-83% of the reflectance
(Tucker, 1979). Water absorption regions are a valuable indicator of
metal-stress, at wavelengths ~1370-1570 nm and ~1825-2170 nm
(Curran, 1989; Rathod et al., 2018) (Fig. 8). Some of these wavelengths
are also sensitive to lignin and protein production, which can be affected
by metal uptake-induced stress (Gotze et al., 2010; Kokaly and Skid-
more, 2015). Our foliar element maps show much less important
wavelengths from the SWIR region than the VNIR (Fig. 8). This can be
due to SWIR data having more noise which can degrade model perfor-
mance, as well as atmospheric processes. Important wavelengths close to
indicative regions at laboratory-based scale for Ag and As are located at
~1400, ~1880, and ~2100 nm and several at ~2000 nm for
satellite-based models. Ag and Sb share important wavelengths at
laboratory-based scale at ~1940, nm, whereas, As and Sb only at ~1980
nm and for satellite-based models at ~ 1400 nm. The presence of
important wavelengths in this range throughout the three scales in-
dicates deterioration of the foliar health regarding water content.

The high amount of shared important wavelengths by Ag, As and Sb
reflect their similar behaviour in the geothermal environment,
congruent with the PCA results (Fig. 4), as their solubility and toxicities
strongly depend on pH and temperature (Ballantyne and Moore, 1988;
Wilson et al., 2010). These factors directly affect kanuka’s foliar uptake
regardless of the possible mycorrhizal associations which assist kanuka
in obtaining nutrients and filtering the uptake of toxic elements
(Moyersoen and Beever, 2004), seemingly affecting the plant similarly.
In contrast, Ba presents a different behaviour which shows up in its
important wavelengths, highlighting its slightly different effects in the
foliar internal structure. Furthermore, Ba also has recurrent important
wavelengths in the range from ~1280-1400 nm for the three scales
(Fig. 8) (Table S5), where leaf internal damage and foliar water content
are detected (Rathod et al., 2018).

The classification error metrics resulted in moderate results (0.41 to
0.66), in future studies other pre-processing and post-processing tech-
niques should be tested (e.g. adjusting atmospheric values, pixel
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unmixing, and elemental data transformations). Furthermore acquiring
higher number of samples can allow for different validation methods to
be tested (e.g. K-fold cross validation, bootstrapping). Regardless of the
moderate error metrics results, the agreement between laboratory,
airborne and satellite-based important wavelength areas and their
relation to such wavelengths to vital plant processes, as well as their
spatial congruency, highlights the feasibility of remote sensing to study
the behaviour of plants living in geothermal areas.

6.3. Geology and biogeochemistry - relations and processes

Waiotapu Geothermal Field is an ignimbrite-hosted geothermal
system with inherent complexity due to permeability and porosity
changes influencing groundwater movement and hydrothermal alter-
ation at cm to metre scales. Overall, the northern area is characterised by
acid-sulphate alteration, whereas the southern region has near-neutral
high-chloride water pools with silica deposits (Giggenbach et al.,
1994; Rodriguez-Gomez et al., 2021), these surface features are tightly
intermixed in some areas (Figure S2).

Both ground samples and foliar maps show elevated Ag, As and Sb
concentrations in proximity to Champagne Pool (Fig. 2), indicating the
current location of the deep-seated, chloride-rich and near-neutral pH
water discharge. These elements signal deep parental waters (Bund-
schuh and Maity, 2015), and epithermal ore deposits (Simmons et al.,
2016; Smith et al., 1987). Elements like As and Sb, when in soluble state
and under certain pH and temperature conditions (Ballantyne and
Moore, 1988; Tschan et al., 2009; Wilson et al., 2010) become readily
bioavailable and are extremely toxic to plants (Finnegan and Chen,
2012). Mycorrhizal associations can assist plants by filtrating the
translocation of toxic elements from the root (e.g. As and Sb) and
obtaining nutrients for the plant, in exchange for glucose and energy
attached to the roots (Dunn, 2007; Li et al., 2018; Tschan et al., 2009).
But as shown by our samples, a considerable and toxic amount of these
elements gets translocated to the foliage of kanuka (Table 2), affecting
the foliage to a degree detectable by hyperspectral remote sensing
(VNIR/SWIR).

Further away from the high-chloride, near-neutral pH water pools,
Ag, As and Sb decrease in concentration, while other elements, such as
Ba become bioavailable and easily uptaken by plants. Foliar enrichment
in Ba is a good pathfinder element to identify zones where hot
geothermal water is mixing with cold groundwater in the periphery of
epithermal systems (Bundschuh and Maity, 2015; Dunn, 2007). Ba sol-
ubility increases with decreasing pH, whilst in waters with high sulphate
content, Ba reacts to form an insoluble salt (World Health Organization,
2016). We observe this behaviour within our data and classification
maps as Ba foliar concentrations increase in the peripheral areas (white
arrows in Figs. 6-7) and decrease in areas with neutral-pH fluids with
high concentrations of sulphate where Ba is not bioavailable to plants
(pink arrow in Figs. 6-7). This is also observable between rock/soil and
foliar Ba concentrations (Figures S6-S7); high rock/soil concentrations
of Ba are present north to Champagne Pool, but not bioavailable to
plants. The Ba near Champagne Pool may be present as insoluble salts or
mineral precipitates (green dot in Figs. 6-7), halting plant bioavail-
ability. Further away, Ba concentrations in rock/soil samples are low,
probably due to samples being organic matter rich.

6.4. Upscaling

With the spread of airborne imaging and now with the new gener-
ation satellites, such as PRISMA and EnMAP, a new avenue for chemical
monitoring in Earth’s surface can emerge. However, both airborne and
satellite hyperspectral have some limitations and challenges, data can be
impacted by mixed pixels (e.g., background soil, mixed plant species)
(Bhatt and Joshi, 2020; Annam and Singla, 2021), nearby highly
reflective surfaces (e.g. large areas of silica sinter deposits) (Lyapustin
and Kaufman, 2001; Sun et al., 2021), and canopy structure changes (e.
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g. canopy height, leaf area) (Almeida et al., 2021; Zhang et al., 2021). In
this study, the large pixel size associated with the satellite data resulted
in the highest classification accuracies, which is interpreted to be due to
spectral mixing and exposure of bare ground (Su, 2016). While these
limitations and challenges are inherent of imaging techniques, our
workflow returned with highly coherent spatial distributions of element
concentrations (Figs. 6-7), matching with independent remote sensing
data (TIR and LiDAR), and existing geological/geochemical
information.

The current study targeted a New Zealand specific plant species to
demonstrate the capability in hyperspectral remote sensing (VNIR/
SWIR) to detect slight changes in foliar spectra due to underlying
geothermal activity. Similar proxy species in other parts of the world can
be studied in geothermal areas, including lichens and shrubs in Italy
(Evernia prunastri, Calluna vulgaris), sagebrush in USA (Artemisia tri-
dentata), shrubs in Kenya (Tarchonanthus camphoratus) or grasses in
Mexico (Allenrolfea occidentalis and Thypa dominguensis) (Way and Hall,
2001; Nash et al., 2003; Manzo et al., 2013; Pippucci et al., 2015;
Gonzalez-Acevedo et al., 2018; Lattanzi et al., 2020). These indicator
species can provide a global utilisation of hyperspectral remote sensing
to track geothermal activity through the foliage.

7. Conclusion

The presented study shows the potential of kanuka foliage as a proxy
to map geothermal activity in New Zealand with hyperspectral remote
sensing (VNIR/SWIR). This study focused on heat- and metal-induced
stress on the physicochemical state of foliage, proposing a new map-
ping approach using hyperspectral remote sensing. Simultaneously, the
height and thermal changes were analysed independently with LiDAR
and airborne TIR, showing a positive correlation between temperature
increase and plant height reduction in many areas (Fig. 9).

The elements silver (Ag), arsenic (As), barium (Ba), and antimony
(Sb) were the focus of this study due to their relevance to understanding
and monitoring geothermal areas. Our results confirm that Ag, As and Sb
behave similarly in geothermal systems, raising to the surface with deep
parental waters and depositing along its pathways at various rates
(Bundschuh and Maity, 2015). Soluble forms of these metals can be
uptaken by nearby plants and cause stress. High concentrations of Ag, As
and Sb in foliage are found near the main focal point where
high-chloride near-neutral waters discharge on the surface (i.e. Cham-
pagne Pool). Whereas high concentrations of Ba in foliage were found in
peripheral areas where cold groundwater mixes with deeper hot fluids
(Dunn, 2007) and pH is low (World Health Organization, 2016). To
understand the effect of element concentrations in kanuka, we used
three spatial scales of remote sensing hyperspectral (VNIR/SWIR) plat-
forms (i.e. laboratory, airborne, and satellite-based). We compared them
to elemental concentrations using regression and classification models.
Changes in the kanuka foliar spectral response caused by the selected
elements in this study were detected in different regions of the elec-
tromagnetic spectrum; regions related mainly to chlorophyll absorption,
cell structure, and water stress, presenting particular wavelengths for Ba
and Sb (Fig. 8).

The presented methodology proved feasible to map element con-
centration ranges with airborne and satellite-based, with classification
model moderate accuracy results between 0.41 and 0.66 (Table 3),
congruent spatial map distributions and concordance of results between
both dataset results (Fig. 6-7). A similar workflow should be applied and
tested for other plant species living in geothermal areas in the future.
These results can open new opportunities to explore and monitor
geothermal areas with dense plant cover worldwide, with efficient and
non-invasive techniques, such as hyperspectral remote sensing.
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