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Abstract

The spatial extent of terrestrial vegetation types reliant on groundwater in arid

Australia is poorly known, largely because they are located in remote areas that

are expensive to survey. In previous attempts, the use of traditional remote

sensing approaches failed to discriminate vegetation using groundwater from

surrounding vegetation. Difficulties in discerning vegetation groundwater use by

remote sensing may be exacerbated by the unpredictable rainfall patterns and

lack of annual wet and dry seasons common in arid Australia. This study pre-

sents a novel approach to mapping terrestrial groundwater-dependent ecosys-

tems (GDEs) by applying singular value decomposition (SVD) to time-series of

vegetation indices derived from Landsat-8 data, to isolate the temporal and spa-

tial sources of variation associated with groundwater use. In-situ data from 442

sites were used to supervise and validate logistic regression models and neural

networks, to determine whether sites could be correctly classified as GDEs using

components obtained from the SVD. These results were used to produce a

probability map of GDE occurrence across a 557 000 ha study area. Overall

accuracy of the final classification map was 79%, with 72% of sites correctly

identified as GDEs (true positives) and 16% incorrectly classified as GDEs (false

positives). The approach is broadly applicable in arid regions globally, and is

easily validated if general background knowledge of regional vegetation exists.

Globally, and going forward, increased water extraction is expected to severely

limit water available for GDEs. Successfully mapping GDEs in arid environ-

ments is a critical step towards their sustainable management, and the human

and natural systems reliant upon them.

Introduction

Groundwater constitutes the largest liquid freshwater

reserve on earth (Stephens et al., 2020). In the past few

decades, there has been an increasing awareness of the

support groundwater provides to human and natural sys-

tems, and recognition that human water demands threa-

ten finite groundwater resources across the globe

(Bierkens & Wada, 2019; Rohde et al., 2017). This threat

has become especially acute in arid zones where globally,

groundwater extraction already exceeds recharge

(Aeschback-Hertig & Gleeson, 2012).

Groundwater-dependent ecosystems (GDEs) are defined

as ‘ecosystems that require access to groundwater to

meet all or some of their water requirements so as to

maintain their communities of plants and animals, eco-

logical processes and ecosystems services’ (Richardson

et al., 2011a). They may be aquatic (e.g. rivers, wetlands

and springs), terrestrial (e.g. vegetation ecosystems) or

subterranean (e.g. cave and aquifer ecosystems). The
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ecological importance of GDEs in arid zones is magnified

because of low and sporadic rainfall, high evaporation

rates and scarcity of surface water (Eamus et al., 2006;

Richardson et al., 2011a). Aquatic GDEs in particular

often include a high number of endemic species

(Box et al., 2008) and sustain an overall higher biodiver-

sity than the surrounding arid landscape (de Grenade &

Stevens, 2020).

In Australia, the National Water Initiative of 2004

identified the environmental and ecological value of

water, and provided a framework, whereby states are

required to include and protect GDEs in local water plans

(Richardson et al., 2011b). To facilitate those efforts,

aquatic and terrestrial GDEs were mapped across most

areas of Australia and are included in the Atlas of

Groundwater-Dependent Ecosystems (Doody et al., 2017).

However, terrestrial GDEs within a large portion of the

arid zone of central Australia remain unmapped (c.

72 million ha) because their presence/location is not

known. Identification and monitoring of arid land GDEs

is critical for the sustainable use of groundwater to pro-

tect not only ecosystem structure and function, but also

irreplaceable indigenous cultural values. In arid Australia,

the discovery of large, potable groundwater reserves has

increased development pressures that will likely impact

on GDEs (NTG, 2018a).

It is possible to use remotely sensed data to map terres-

trial GDEs and Eamus et al. (2015) reviewed general appli-

cations, while Cook and Eamus (2018a) discussed using

satellite imagery in the central Australian context. Cook

and Eamus (2018a) suggested using the ‘green island’ tech-

nique, which contrasts spectral reflectance of vegetation

between relatively wet and dry periods to identify potential

GDEs, which should ‘stand-out’ from a background of

water-stressed vegetation at the end of the dry period. It

was one of the first applications of remotely sensed imagery

to determine whether vegetation used groundwater (Everitt

& DeLoach, 1990). However, previous attempts to use this

technique in central Australia were not successful, which

may partially explain why such a large area of central Aus-

tralia remains unmapped in the national GDE atlas. The

lack of consistent wet and dry seasons in central Australia

may preclude using remote sensing techniques that have

worked well in other parts of Australia.

Given historical imagery is now widely available and

inexpensive to obtain, it is feasible to use satellite imagery

to identify and monitor GDEs across large remote areas

with limited road access. Recent advances in computation

enables data to be mined from an entire time-series of satel-

lite imagery rather than just single-date images representa-

tive of seasonal conditions or seasonal composite images

(Pasquarella et al., 2016). Utilizing a dense time-series

incorporates additional data from the landscape into the

analysis that can facilitate identification of GDEs. For

example, the arid region of central Australia is character-

ized by drought-tolerant vegetation, long-lasting fire scars,

patchy rainfall, seasonally inundated floodouts and over-

storey trees that often occur as scattered open woodlands.

All of these factors can complicate identifying GDEs. Thus,

the use of time-series is a way to partition variability in

both time and space (Pasquarella et al., 2016).

A large portion of our study area contains shallow

groundwater (<15 m depth-to-groundwater [DGW])

which is likely to be within the rooting depth of multiple

tree and some shrub species. We predicted that plant spe-

cies with access to groundwater would respond differently

than those species that could not access groundwater (e.g.

variation in canopy greenness and moisture content), espe-

cially given the low rainfall and drying conditions of 2018

and 2019 in the study area. We predicted that vegetation

response to groundwater access could be detected using a

time-series of commonly used vegetation indices derived

from moderate resolution (30 m) multispectral satellite

imagery. We aimed to model terrestrial GDE occurrence

across an c. 557 000 ha study area in central Australia using

time-series data and singular value decomposition (SVD)

to isolate various temporal and spatial sources of variation

related to vegetation groundwater use.

Materials and Methods

Study area

This study encompassed an area of c. 557 000 ha within

the arid zone (mean annual rainfall of <400 mm) of the

Northern Territory, Australia (Fig. 1). The study area has

been identified as a priority agricultural development area

(NTG, 2018b) and is within the Central Plains region

of the Western Davenport Water Control District

(WDWCD). It is underlain by aquifers occurring in the

Lake Surprise Sandstone, Arrinthunga Formation, Cha-

balowie Formation, the Dulcie Sandstone and shallow

Cenozoic sediments and contains the largest volume and

best quality of groundwater within the WDWCD

(NTG, 2018a).

The study area is predominantly flat, bordered to the

north by the Davenport Ranges and to the south by the

Osborne Ranges. The landscape is characterized by red

aeolian sand plains, ephemeral swamps and clay pans,

large alluvial floodouts, and intermittent low sand dunes

(NTG, 2018a). Land tenure is mostly perpetual pastoral

lease, used for livestock production in relatively natural

environments (native vegetation). Aboriginal land com-

prises c. 27% (NTG, 2018a), and in the Western Daven-

port area at least five different language groups are

present: Alyawarr, Anmatyerr, Kaytetye, Walpiri and
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Warumungu (Turpin, 2000), all of which have close cul-

tural connections to the wider landscape.

Groundwater-dependent vegetation

Access to groundwater, either via the saturated zone of the

regolith or its associated capillary fringe, can strongly influ-

ence plant growth, density and productivity in the arid

zone (Nano et al., 2021). Trees and shrubs that occur in the

region and are known to use groundwater include species

of Corymbia (Cook et al., 2008; Howe et al., 2007), Hakea

(Howe et al., 2007), Melaleuca (Pritchard et al., 2010) and

Eucalyptus (Cook et al., 2008; Howe et al., 2007). However,

not all species within a genus may be groundwater depen-

dent. Other genera/species may also use groundwater but

their usage has not been verified by field studies. Many spe-

cies can occur in areas of both shallow (within rooting

depth) and deep (beyond rooting depth) groundwater and

are considered facultative groundwater users (e.g. species of

Corymbia and Eucalyptus). Facultative groundwater users

may persist regionally without groundwater access, but

have higher vigour and better stand development over shal-

low aquifers due to increased water uptake (Eamus

et al., 2015; Nano et al., 2021).

Other species, such as inland tea-tree (Melaleuca glomer-

ata), are considered obligate groundwater users and only

occur where DGW is within the maximum rooting depth.

Obligate species must have access to groundwater because

they lack drought resistance traits and cannot survive pro-

longed bouts of low rainfall (Nano et al., 2021). Generally,

if groundwater occurs within the rooting depth of vegeta-

tion, it is reasonable to conclude those plants are using

groundwater (Eamus, 2009). A large proportion of the

study area contains shallow groundwater (<15 m DGW)

which is likely to be within the rooting depth of multiple

tree and shrub species. Additionally, via hydraulic lift,

deep-rooted plants may increase the availability of water to

plants with shallower root systems that are otherwise inca-

pable of reaching groundwater (Naumburg et al., 2005).

Thus, we predicted that plant species with access to
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Figure 1. Study area located c. 250 km north of Alice Springs (AS) within the arid zone of the Northern Territory, Australia. Areas of shallow

depth-to-groundwater (DGW), based on modelling by DEPWS (2020), are located within the central plains between the Davenport Ranges and

Osborne Ranges. Elevation values were sourced from Gallant et al. (2011); other spatial data sourced from Northern Territory Government.
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groundwater would have different moisture content, and

maintain greater canopy greenness, than those species that

could not access groundwater.

Satellite data and vegetation indices

Multiple vegetation indices are available to examine eco-

logical change over time from satellite imagery. Some of

the most commonly used indices include the Normalized

Difference Vegetation Index (NDVI), the Enhanced Vege-

tation Index (EVI) and the Normalized Difference Water

Index (NDWI). NDVI provides a measure of photosyn-

thetic activity (Rouse et al., 1974; Tucker, 1979), EVI is

similar to NDVI but minimizes canopy background varia-

tions and is useful in monitoring canopy changes over

time (Huete et al., 2002), and NDWI measures the

change in the water content of plants and is often used in

drought monitoring (Goa, 1996).

Data from all available cloud-free images captured by

Landsat-8 Operational Land Imager (OLI) between April

2013 and March 2021 were utilized for this study.

Landsat-8 was launched on 11 February 2013 and the

OLI instrument collects data at a spatial resolution of

30 m across visible, near-infrared and short-wave infrared

spectral regions. The number of images across the study

area totalled 91, including scenes from four Landsat tiles.

For each image in the time-series, the three vegetation

indices (NDVI, EVI and NDWI) were calculated (Table 1)

and were provided as pre-processed data layers by Des-

cartes Labs, Inc. (2020), utilizing their archiving structure

to collect, collate and correct georeference imagery. This

resulted in over 500 million unique non-null data points

for each of the three indices (c. 6.5 million non-null value

pixels multiplied by 91 image dates). A two-dimensional

matrix was created for each of the three indices, with each

row representing the flattened contents of an image on a

given date of the time-series (i.e. Landsat image acquisi-

tion dates), and each column representing individual pix-

els in the study area through time. This resulted in a

matrix/array of 91 rows (number of Landsat images) and

c. 6.5 million columns (number of individual pixels).

Each input matrix can simultaneously be conceived as a

stack of images through time, or a collection of time-

series for a given space.

Singular value decomposition

SVD was used to simplify these data. Considered the ‘fun-

damental theorem of linear algebra’ (Strang, 1993), SVD

is a widely known and used matrix decomposition

method that is expedient and accurate, and can outper-

form principal component analysis (PCA) in remote sens-

ing applications (Phillips et al., 2009). Details on how to

calculate and apply SVD are available in linear algebra

textbooks and in publications devoted to understanding

the mathematics behind machine learning (e.g. Deisen-

roth et al., 2020; Yanai et al., 2011).

Briefly, each matrix was subjected to a SVD, which is

illustrated in the following equation:

M ¼ USVT,

where M is the input spatiotemporal matrix, with the

rows representing dates on which images were acquired

and the columns representing pixels in the study area.

The SVD uses eigendecomposition to split the matrix into

three constituent matrices: one orthogonal matrix

expressing variation across the rows (U), another orthog-

onal matrix expressing variation across the columns (VT)

and one diagonal matrix of scalars (S). In this case, the

orthogonal matrices are independent expressions of tem-

poral and spatial variation of the original datasets. Each

column u of U is a component of the time-series and is

the same length as the number of input images (91). Each

row vT of VT is a component of spatial variation, with

the same dimensions as the study area (6.5 million pix-

els). Each row/column combination is called a component

(similar to PCA), and each component is statistically

independent of other components. This process effects a

separation of these implicit models, each considered and

analysed in isolation for their contribution to the whole.

Notably, different values of vT for each component, or

different values in each pixel, encode information about

the shape of the time-series for that pixel. By comparing

the eigenvalues or singular vectors in each component,

proxies for the shape of the time-series behind them are

compared. By making these eigenvalues the unit of analy-

sis, temporal histories of each pixel are compared in each

statistical test.

Table 1. Vegetation indices calculated using Landsat-8 OLI surface reflectance data.

Index Formulation Reference

Normalized Difference Vegetation Index (NDVI) NIR�REDð Þ
NIRþREDð Þ Rouse et al. (1974), Tucker (1979)

Enhanced Vegetation Index (EVI) G� NIR�REDð Þ
NIRþC1�RED�C2�BLUEþLð Þ Huete et al. (2002)

Normalized Difference Water Index (NDWI) NIR�SWIR1ð Þ
NIRþSWIR1ð Þ Goa (1996)

G is a gain factor (G = 2.5), C1 and C2 are coefficients to correct for aerosol scattering (C1 = 6, C2 = 7.5) and L is a coefficient to correct for soil

background (L = 1). OLI, Operational Land Imager.
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For each index, the first three components accounted

for c. 85% of the total variation, and these first three

components (for a total of nine across the three indices)

were used in further model development.

Terrestrial GDE modelling

To model terrestrial GDE occurrence, we used 442 unique

sites within the study area that were visited in the current

project or previously by others investigating vegetation

groundwater use in the region. The sites occurred across

a DGW gradient and were a priori classified as either

groundwater dependent or not groundwater dependent

based on the dominant plant species on which the site

waypoint was centred (Table 2). Characterization was

based on two criteria: (1) whether previous research has

shown that plant species used groundwater and (2)

whether DGW at a particular site was within the maxi-

mum rooting depth of the dominant species. For exam-

ple, a site with DGW of 5–10 m and with bloodwood

(Corymbia opaca) as a dominant species was classified as

groundwater-dependent, because the maximum rooting

depth of bloodwood is thought to be 15 m (Howe

et al., 2007). Depth to groundwater was determined for

each site using the groundwater model developed by

Northern Territory Government Department of Environ-

ment, Parks and Water Security (DEPWS, 2020).

Logistic regression and neural network models of the

eigenvalues were used to investigate whether sites could

be correctly classified as GDE (dependent variable) using

the nine components derived from SVD (independent

variables). For the logistic regression models, we retained

individual eigenvalues that added significantly (P < 0.05)

to the logistic regression model (forward stepwise selec-

tion). Given the nonlinearity of the data, neural network

models were also used to classify sites and to indepen-

dently interrogate the utility of classifying GDEs using

SVD, and all nine eigenvalues were retained in the neural

net models. Our neural network included one hidden

layer with three nodes, each of which used the hyperbolic

tangent activation function where,

e2x−1
e2x þ 1

,

and X was the linear combination of the nine eigenvalues.

To avoid overfitting, sites were apportioned to supervise

and validate both model types, with 70% of data used to

train the models and 30% used to validate the models. In

addition, we bootstrapped (n = 10) both the logistic

regression and neural net models to evaluate average

model statistics.

Model fit was evaluated using model sensitivity, speci-

ficity and accuracy, where:

Sensitivity ¼ true positives

true positivesþ false negatives

Specificity ¼ true negatives

true negativesþ false positives

Table 2. Classification of sites as groundwater-dependent ecosystem (GDE) or not groundwater-dependent ecosystem (non-GDE) considering

dominant plant species and depth-to-groundwater (DGW).

Species Common name DGW (m) GDE Classification n

Acacia aneura sens. Lat. Mulga All Non-GDE 34

Acacia spp. All Non-GDE 65

Aristida spp. Wiregrass All Non-GDE 4

Atalaya hemiglauca Whitewood All Non-GDE 1

Corymbia aparrerinja Ghost gum 0–15 GDE 69

Corymbia aparrerinja Ghost gum >15 Non-GDE 6

Corymbia opaca Bloodwood 0–15 GDE 58

Corymbia opaca Bloodwood >15 Non-GDE 17

Corymbia sphaerica Big-fruited bloodwood All Non-GDE 11

Corymbia spp. 0–15 GDE 3

Eucalyptus camaldulensis subsp. arida River red gum All GDE 7

Eucalyptus pachyphylla Red-bud mallee All Non-GDE 9

Eucalyptus victrix Smooth-barked coolibah 0–10 GDE 49

Eucalyptus victrix Smooth-barked coolibah >10 Non-GDE 31

Hakea spp. 0–15 GDE 4

Melaleuca glomerata Inland tea-tree 0–10 GDE 15

Melaleuca lasiandra Sandhill tea-tree All Non-GDE 9

Melaleuca spp. 0–10 GDE 3

Triodia spp. Spinifex All Non-GDE 28

In all, 19 sites not accounted for in the table were identified as being predominately bare ground and were classified as non-GDE.
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Accuracy ¼ true positivesþ true negatives

total number of sites
:

In addition, a receiver operating characteristic (ROC)

curve provided a graphical interpretation of model fit by

comparing the occurrence of true positives (i.e. sensitiv-

ity) against false positives (i.e. 1−specificity). In general, a

ROC curve that ‘hugs’ the top left corner of the graph is

considered a good fit of the data (Vining & Glad-

ish, 1992). The area under curve (AUC) parameterizes

this by providing a rate of successful model classification.

A model with an AUC of 1.0 is a perfect model, while a

model with an AUC of 0.5 is not useful because true and

false positives are not distinguishable.

Terrestrial GDE probability map

The probability that an individual pixel in the study area

was a GDE was determined using the logistic regression

equation obtained from our final model (which excluded

non-statistically significant components). Specifically, the

probability a pixel was a GDE was modelled as:

P GDEð Þ ¼ 1= 1þ eLin nð Þ
� �

,

where Lin(n) = β0 + ∑βiXi (the parameter estimates

from the logistic regression), and Xi are the individual

eigenvalues retained in the final model. The logistic equa-

tion was applied to each of the c. 6.5 million pixels in the

study area, given that each pixel had a unique combina-

tion of the nine components. This resulted in a value

ranging from zero (very low probability of that pixel con-

taining a terrestrial GDE) to one (very high probability of

that pixel containing a terrestrial GDE) for each pixel in

the study area.

Data processing and statistical analysis
software

Python 3.6 was used for time-series data manipulation,

SVD and deriving the probability map. The statistical

software JMP 15 (SAS Institute, Cary, NC, USA) was used

to perform the logistic regressions and neural networks.

Results

Singular value decomposition

For each vegetation index, the first three components

derived from SVD accounted for c. 85% of the variance

in the time-series. Qualitative inspection of the outputs

suggested similar interpretations for each of the three veg-

etation indices. For each, the first component explained

c. 59% of the variation and aligned most closely to how

vegetation responds to rainfall, with periodic spikes after

rain and drying out between rainfall events. For example,

herbage (grasses and forbs) greened up and dried out very

quickly compared to large trees. The second component

accounted for c. 23% of the variation and aligned with

vegetation response during drought, in that some species

suspected of accessing groundwater behaved differently to

trees/shrubs/grasses not accessing groundwater. The third

component explained c. 4% of the variation and aligned

broadly with aspects of ground cover and landform (e.g.

rock/bare ground vs. vegetated areas) (Fig. 2).

Terrestrial GDE model

Logistic regression of singular values supported our inter-

pretation of the nine components. For each vegetation

index, only the first two components had statistical signif-

icance and therefore the third component was removed

(for each vegetation index) from the final model

(Table 3). Using two components from all three indices

produced the most powerful model (i.e. better ability to

correctly classify sites as GDE or non-GDE), as opposed

to using only a single vegetation index. The average AUC

of the ROC was 0.86 (Fig. 3), suggesting a good model fit

– where the chance that the model will correctly distin-

guish a GDE site from a non-GDE site is 86%.

Neural network model results were similar to those

obtained using logistic regression. Both the training and

validation models were similar within and across models,

suggesting the data were not over-fitted (Table 4).

To determine a terrestrial GDE probability for each

pixel in the study area, the following (final model) equa-

tion was applied to each of the c. 6.5 million pixels:

GDE probability

¼ �2:31�30420 ndvi1ð Þ þ 8724 ndvi2ð Þ
þ26047 evi1ð Þ�10669 evi2ð Þ þ 5316 ndwi1ð Þ
þ2768 ndwi2ð Þ,

where subscripts refer to the first or second component

of each vegetation index. Thus, each pixel within the

study area was assigned a value scaled from zero (very

low probability of that pixel containing a GDE) to one

(very high probability of that pixel containing a GDE)

(Fig. 4).

Terrestrial GDE map assessment

In general, logistic regression models are useful if they

can minimize the number of false positives (calling a

non-GDE a GDE) and false negatives (GDEs called non-

6 ª 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

Terrestrial GDE Mapping Using Time-Series Data J. Brim Box et al.



GDEs). Our model results suggested that a probability of

0.49 represents the ‘best’ trade-off (i.e. the maximum

value of [sensitivity−(1−specificity)]) between the rate of

false negatives and false positives.

Using a probability threshold of 0.5 to create a the-

matic map, where pixels are categorized as either GDEs

or non-GDEs, was therefore considered a reasonable com-

promise to the occurrence of both false positives and false

negatives. Using this threshold, the model correctly iden-

tified 72% of sites classified as GDEs as GDEs (true posi-

tives) and incorrectly classified 16% of non-GDE sites as

GDEs (false positives), with an overall accuracy of 79%

(Table 5).

Classification accuracy was also assessed using two

alternative thresholds, 0.3 and 0.7 (Table 5). With the

probability threshold set low (0.3), fewer GDEs were

incorrectly classified as non-GDEs (12%) but more

non-GDEs were incorrectly classified as GDEs (39%),

with an overall accuracy of 74%. With the probability

threshold set high (0.7), fewer non-GDEs were classified

as GDEs (3%) but more GDEs were incorrectly

classified as non-GDEs (46%), with an overall accuracy

of 76%.
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Figure 2. Colour composite of first three components derived from singular value decomposition of the Normalized Difference Vegetation Index

time-series (red, green and blue channels display components 1, 2 and 3, respectively). In general, non-vegetated or bare soil areas appear as

bright red; persistently vegetated areas with relatively high median and maximum NDVI values appear as bright green; areas with vegetation with

rainfall-related spikes in NDVI appear as bright blue.

Table 3. Best model for predicting GDE occurrence with estimates,

standard errors, Chi-square values and P-values.

Term Estimate SE χ2 Prob > χ2

Intercept −2.31 0.57 16.66 <0.0001
ndvi1 −30 420.68 4880.54 38.85 <0.0001
ndvi2 8724.82 1501.65 33.76 <0.0001
evi1 26 047.17 4678.37 31.00 <0.0001
evi2 −10 668.78 2159.07 24.42 <0.0001
ndwi1 5315.80 1450.14 13.44 0.0002

ndwi2 2767.80 536.56 26.61 <0.0001

Eigenvalues that were not statistically significant (i.e. ndvi3, evi3 and

ndwi3) were dropped from the final model. GDE, groundwater-

dependent ecosystem.
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Discussion

Model performance

The terrestrial GDE model was able to distinguish GDE

sites from non-GDE sites with c. 79% overall accuracy,

using a probability threshold of 0.5 to classify pixels as

GDEs. Similar accuracies have been reported for more gen-

eralized approaches to regional vegetation mapping (e.g.

Brown de Colstoun et al., 2003; Liu et al., 2020), including

within arid zones (e.g. Jafari et al., 2007; Malatesta

et al., 2013; Nagler et al., 2005). However, fewer examples

exist where GDE mapping was validated using field data

(but see Alaibakhsh et al., 2017). The study area is charac-

terized by variable rainfall, long-lasting fire scars, scattered

GDEs, a highly variable occurrence of bare ground, wide-

spread spinifex ground cover and Acacia shrub cover – all

which contribute to the spectral reflectance of a pixel.

Pasquarella et al. (2016) reported on the importance of

using multiple spectral bands and indices together with

time-series data, to capture seasonal patterns and change

processes. Our results suggest that a methodology incorpo-

rating time-series of three vegetation indices was able to

account for much of the inherent variability in our study

area, and was appropriate for this application.

The model misclassified 28% of the GDE sites as non-

GDE (false negatives). There may be several reasons that

sites were misclassified. Large trees considered groundwa-

ter dependent in the study area (e.g. Corymbia spp.)

occur sporadically or as small, discrete clusters in hum-

mock grassland across the landscape. Given each Landsat-

8 pixel represents an area of 900 m2 on the ground, and

the crown size of overstorey trees in the study area is pre-

dominately 25 m2–100 m2 (Cook & Eamus, 2018b), it is

possible that many trees were not classified as GDEs

because the majority of the pixel contained hummock

grassland. Strong seasonality present in the dominant

grass layer can mask the persistent greenness of

groundwater-dependent vegetation (Eamus et al., 2015).

Using data from sensors with a higher spatial resolution

could reduce the mixed-pixel problem, particularly for

areas with larger tree crown coverage; however, considera-

tion must be given to the time-series length available as

the approach described here focusses on capturing pixel

behaviour over time. Also, trees were classified as being

groundwater dependent based on previous work or infor-

mation gained from congeners. In some cases, no data

are available on maximum rooting depth, such as ghost

gum (Corymbia aparrerinja), and it is possible that this

species may have a rooting depth >15 m. If trees access

groundwater at depths greater than assumed when classi-

fying the training data, they are more likely to be misclas-

sified as non-GDEs.

The model misclassified 16% of the non-GDE sites as

GDEs (false positives). At almost half of those sites (46%)

model probabilities were between 50% and 60%, and a

higher probability threshold (e.g. 0.7) would have excluded

those sites as GDEs. This is because as the probability

threshold increases, the rate of false positives decreases. An

additional 27% of non-GDE sites misclassified as GDEs

occurred in river floodouts, and it is possible vegetation at

Figure 3. Receiver operating characteristic (ROC) curve showing final

model results. The yellow line is tangent to the ROC curve at the point

(red star) where model sensitivity and specificity are equally important,

corresponding to a probability threshold of c. 0.49 for our model. The

area under curve value is 0.86, suggesting a good model fit.

Table 4. Neural network (NN) model results were similar to those obtained using logistic regression (LR).

Model Specificity (X ̅ + SE) Sensitivity (X ̅ + SE) Accuracy (X ̅ + SE) AUC (X ̅ + SE)

LR (training) 70.6 � 0.91 82.8 � 0.59 0.77 � 0.005 0.86 � 0.005

LR (validation) 73.6 � 1.68 84.4 � 1.47 0.79 � 0.013 0.88 � 0.011

NN (training) 76.2 � 1.11 86.2 � 0.64 0.81 � 0.007 0.89 � 0.006

NN (validation) 72.1 � 1.93 81.5 � 1.41 0.77 � 0.013 0.85 � 0.012

Both the training and validation models were similar within and across models, suggesting the data were not over-fitted. Model mean (X ̅) and
standard error (SE) values are based on 10 bootstraps.
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those sites could access groundwater through perched aqui-

fers, seasonal inundation or root elongation and the redis-

tribution of fine root biomass, as demonstrated in

phreatophytic Banksia woodlands in Western Australia

(Canham et al., 2012). The occurrence of shallow (e.g.

2–4 m DGW) perched aquifers, disconnected from the

regional aquifer, occur in other central Australia rivers

(Villeneuve et al., 2015) and support riparian vegetation

such as river red gum (Eucalyptus camldulensis). Addition-

ally, one site dominated by bloodwood was considered a

non-GDE for model training because the DGW at that site

was 25–30 m. However, the pixel occurred in a karst land-

form, so access to shallower groundwater is plausible.

Lastly, our classification of field sites was based on
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Figure 4. Terrestrial groundwater-dependent ecosystem (GDE) probability model results. Depth-to-groundwater (DGW) contours are based on

modelling by DEPWS (2020). Elevation values (Gallant et al., 2011) highlight the central plains area flanked by the Davenport Ranges to the north

and Osbourne ranges in the south.

Table 5. Accuracy assessment of thematic maps created using GDE probability thresholds of 0.3, 0.5 and 0.7.

Probability threshold Classification

Field data

Producer’s accuracy User’s accuracy Overall accuracyNon-GDE GDE

0.3 Non-GDE 143 25 61% 85% 74%

GDE 91 183 88% 67%

0.5 Non-GDE 197 58 84% 77% 79%

GDE 37 150 72% 80%

0.7 Non-GDE 226 96 97% 70% 76%

GDE 8 112 54% 93%

Similar trade-offs are observed for false negatives and false positives using a probability threshold of 0.5. GDE, groundwater-dependent ecosystem.

ª 2022 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 9

J. Brim Box et al. Terrestrial GDE Mapping Using Time-Series Data



modelled DGW contours and it is possible that the actual

DGW is different than the modelled DGW. As more moni-

toring bores come online in the area, modelled groundwa-

ter depths will continue to be updated and the terrestrial

GDE model can be re-run using updated training and vali-

dation data.

User’s accuracy, or the probability that a pixel classified

in the thematic map actually represents that same class

on the ground, was 80% for GDEs and 77% for non-

GDEs, using a probability threshold of 0.5 to classify pix-

els as GDEs. These relatively high values ensure that land

managers and decision-makers can be confident that the

mapping products provide reliable baseline information

for evaluating project performance, and for allocating

resources and time for further targeted GDE-related activ-

ities (e.g. in-situ surveys, detailed mapping).

Spatial occurrence of terrestrial GDEs

Our probability map suggests that GDEs occur more fre-

quently in areas of shallower groundwater (i.e. 0–10 m

DGW). In general, high probability areas were aligned

north-westerly along the 0–10 m DGW contours, but also

extended towards the 15 m DGW contour and occasion-

ally beyond. These results are not surprising, in that the

maximum rooting depth is c. 15 m or less for the species

considered groundwater dependent in the study area. For

example, the maximum rooting depth of bloodwood is c.

15 m (Howe et al., 2007) while species such as smooth-

barked coolibah (Eucalyptus victrix) and inland tea-tree

(Melaleuca glomerata) are limited to <10 m (Pfautsch

et al., 2014; Pritchard et al., 2010). Many other species

may only access groundwater where DGW is <5 m (Nano

et al., 2021). Therefore, a higher probability of GDE

occurrence in the shallower DGW contours is consistent

with maximum rooting depths and access to groundwater.

Our model was able to distinguish within-species varia-

tions in the time-series of facultative groundwater users,

based on DGW. That is, the model could differentiate

between trees with access to groundwater and those that

occurred in areas where the DGW was beyond the maxi-

mum rooting depth. This suggests that accurately mapping

terrestrial GDEs in arid Australia will need to be more com-

prehensive than a simple inventory of species suspected of

using groundwater. Species considered facultative ground-

water users (e.g. Corymbia spp.) comprise a major compo-

nent of the open woodland overstorey of central Australia.

When these species have access to groundwater, they often

occur as large overstorey trees which are of particular eco-

logical importance (Nano et al., 2021). Specifically, they are

the most likely to contain tree cavities and hollows, used by

birds and bats, most likely to provide shade which results

in cooler microclimates and most likely to facilitate the

production of humus and litter which are important as

food sources for insects and hiding places for reptiles and

other animals.

Although most areas with a high GDE probability

occurred in shallow DGW areas, deeper groundwater areas

(i.e. >15 m DGW) also contained pixels classified as proba-

ble GDEs. There are several possible reasons for this. First,

although our focus was on mapping GDEs in the context of

the regional aquifer, vegetation may access groundwater

through other pathways. Second, although capillary fringe

is included in our definition of groundwater, the mechanics

of capillary fringe are not well known in our study area,

and capillary fringe thickness may be greater than previ-

ously thought. Third, trees can access groundwater stored

in rock fissures, especially in karst areas, but these pockets

of groundwater are not within the regional aquifer. Shallow

aquifers are often present under ephemeral rivers and are

recharged from seasonal rainfall and runoff (Cobban

et al., 2017). These perched aquifers can be accessed by veg-

etation (Cook & Eamus, 2018a), with river red gum being

the prominent example in the study area. Despite river red

gum having a maximum rooting depth of <10 m (Hubble

et al., 2010), they occur within the study area where the

regional aquifer exceeds 25 m DGW, but only as fringing

vegetation along riverbanks.

The study area contains large floodouts, which occur at

a river’s terminus and are areas where floodwaters spill

across adjacent alluvial surfaces (Tooth, 1999). Inundation

of these areas is typically brief, lasting less than a month,

yet the clay-rich soils typical of these areas may retain

water for longer periods and provide vegetation longer

term access to water (Duguid, 2009; Rooke, 2009). Flood-

outs are generally considered inflow-dependent ecosystems

rather than GDEs, because vegetation accesses floodwater

stored in the unsaturated zone or in perched aquifers,

rather than a deeper, regional aquifer. The study area con-

tains multiple ephemeral creeks (e.g. Murray, Skinner,

Taylor and Wycliffe) which terminate in large floodouts

and shallow-rooted vegetation that occur in these areas,

such as smooth-barked coolibah, are considered inflow

dependent. Because of the drought conditions experienced

in late 2018–2019 in the study area, inflow-dependent veg-

etation suffered significant water stress except when

located in areas of shallow groundwater and where they

could access the regional aquifer (Nano et al., 2021), and

these areas by definition are also considered GDEs.

Conclusion

Terrestrial GDEs in arid zones can be mapped with rela-

tively high accuracy when techniques are used that can

isolate temporal and spatial sources of variation associ-

ated with groundwater use, as demonstrated here by
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applying SVD to a time-series of commonly used vegeta-

tion indices.

The approach is relatively conservative in that it used

spatial data captured from a single sensor (Landsat-8)

and three well-established vegetation indices (NDVI, EVI

and NDWI). Future work will expand upon this to incor-

porate and assess additional data including some newly

developed indices (e.g. the near-infrared reflectance of

terrestrial vegetation [NIRv; Badgley et al., 2017]), esti-

mates of evapotranspiration and derived fractional cover

estimates. Higher spatial resolution data, notably Sentinel-

2, would also provide an opportunity to reduce the

impacts of mixed pixels on the analysis, particularly as

the Sentinel-2 archive grows and more temporal data is

captured. Regardless, using an entire time-series of satel-

lite imagery, as suggested by Pasquarella et al. (2016),

allowed us to map GDEs in a complex landscape where

previous attempts to map GDEs were not successful.

This approach has the potential to provide important

baseline knowledge on terrestrial GDE occurrence across

remote and poorly studied arid regions. Given that glob-

ally, pressure to mine groundwater continues to grow,

successfully mapping GDEs in arid environments is a crit-

ical step towards their sustainable management.
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