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Groundwater dependent ecosystems (GDEs) are biodiversity hotspots and provide important ecosystem services.
This study presents a novel multi-instrument concept for the local identification of groundwater dependent
vegetation (GDV) in the Mediterranean. The concept integrates high-resolution Sentinel-2 remote sensing data
with available geodata and requires in situ vegetation data for validation and calibration. The approach com-
bines five criteria to identify GDV: 1) high vitality, and wetness during dry period, 2) low seasonal changes in
vitality and leaf area, 3) low interannual changes in vitality, 4) high topographic potential of water accumulation
and low water table depth, 5) high potential inflow dependency. Iso Cluster Unsupervised Classification (ICUC)
was applied to identify GDV in the study area (Campania, Italy). Botanical field mapping was utilized for vali-
dating the remote sensing approach, as it exhibited significant differences between GDV and Non-GDV in terms
of ecohydrological indicator values, leaf anatomy and phreatophyte coverage. According to a new simple eco-
hydrological rule set that considers phreatophyte cover and mean moisture value of non-phreatophyte species,
9% of vegetation plots are considered GDV and 33% likely GDV. 80% of all GDV derived from classification occur
in hydrostratigraphic units (HSU) that are characterized by surficial groundwater circulation and low perme-
ability. The overall accuracy of classifying likelihoods is 62.7%. For 14.6% of the plots, non-GDVs were classified
as GDVs (false positives), and only one GDV plot has been classified falsely as non-GDV (false negative). Local
results on GDV locations can be overlayed with aquifer use or aquifer reaction to climate change in order to
identify GDV under threat and implement sustainable managements of groundwater resources.

1. Introduction

Groundwater plays an important role as a resource for terrestrial
vegetation. Evaristo & McDonnell (2017) showed in a global stable
isotope meta-analysis that the prevalence of groundwater use in Medi-
terranean forests, woodlands and scrubs is 50 %. Accordingly, a variety
of ecosystems require the presence or the contribution of groundwater to
maintain their ecological function, composition, or structure and are
groundwater dependent ecosystems (GDEs) (Eamus et al., 2006). Tem-
poral and spatial variability of the groundwater flow associated with
geology, climate and land use influences the presence and characteris-
tics of GDEs. These influencing variables show that GDEs are exposed to
several anthropogenic threats, including overexploitation, pollution, or
climate change (FEamus et al., 2015). Subsequently, ecosystem functions
and biodiversity are at risk. As future climate predictions in the

Mediterranean assume an overall decrease in precipitation, significant
warming and drying in summer, decrease in runoff and aquifer recharge
is to be expected (Tuel & Eltahir, 2020). Altogether, trends in climate
and land use change aggravate the situation and may also endanger GDE
in places where low human pressure currently exists. Nevertheless,
tackling these threats is of paramount importance to maintain related
ecosystem services, e.g., climate regulation, water storage or soil
development (EC, 2007) and requires improving the high-resolution,
local, on-the-ground identification of GDEs.

In general, identification of groundwater dependent vegetation
(GDV) relies on the usage of several direct and indirect methods. Direct
methods include botanical observations, as well as determination of
hydrogeological parameters. The vegetative approach relies on mapping
of phreatophytes, groundwater dependent habitats or indicator plants
(e.g., Killroy et al., 2008). Methods aiming for hydrological parameters
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comprise fluctuation in groundwater depth, identification of water
sources from stable isotopes, geological mapping or groundwater sam-
pling (e.g., Hoogland et al., 2010; Jones et al., 2020; Killroy et al., 2008).
These ground-based measurements are only suitable for small areas as
data acquisition is often selective, time and labour-consuming, and
highly dependent on expert knowledge (Doody et al., 2017). On the
other hand, these methods are most likely very accurate and reliable
when it comes to assessing veritable groundwater dependency. Indirect
methods to locate GDV integrate remote sensing with other geodata and
have gained importance in recent years (Eamus et al., 2016). In partic-
ular, increased availability in remote sensing and other geodata opens
up alternative strategies to map GDV at larger scales (Pérez Hoyos et al.,
2016). Indirect GDV identification allows covering larger areas at a
relatively lower cost even though processing of the data is time and CPU
intensive.

Major limitation of local identification of GDV using remote sensing
techniques relies on the restricted spatial resolution of datasets used to
date (Landsat 25-30 m, MODIS 250 m) (e.g., Box et al., 2022; Doody
etal., 2017; Gou et al., 2015; Pascoa et al., 2020). This causes GDVs with
a small spatial extent to be underrepresented in general. In recent GDV
studies, indicators relaying on spectral vegetation indices as well as
topographical analyses of digital elevation models (DEM), Water table
depth (WTD) and climate data (precipitation, evapotranspiration) form
common criteria applied to address for delineation of GDV (e.g., Doody
et al., 2017; Gou et al., 2015; Miinch & Conrad, 2007). However, a
combined framework, making use of these different input variables is
still missing, but holds the possibility to improve classification results.

Furthermore, field investigations are required as they ensure to
ground truth the occurrence of possible GDV. Such campaigns often
require specialized equipment that may not be available in certain cases
(Jones et al., 2020). However, in situ validation of the results and further
calibration concerning pixel-wise classification of GDV is still the
exception in remote sensing approaches (Pérez Hoyos et al., 2016).
Rather, existing maps referring to vegetation patterns, land cover and
WTD or expert opinion have been utilized for validation so far. For
example, Miinch & Conrad (2007) validated GDEs in the Sandveld re-
gion in South Africa using the extent of wetland-riverine footprints and
occurrence of groundwater dependent indicator species. A study in
Texas (USA) got verified using existing maps of phreatophytes and
wetlands (Gou et al., 2015). Pascoa et al. (2020) assessed the quality of a
GDV classification in the Iberian Peninsula with WTD and land cover
types.

This study will focus on GDV (terrestrial vegetation reliant on sub-
surface availability of groundwater (Eamus et al., 2006) in the Medi-
terranean that is, inter alia, formed by phreatophytes (Meinzer, 1927).
For this purpose, a novel designed remote sensing framework combining
several indicator groups that showed high potential in recent ap-
proaches targeting the identification of GDV will be tested locally. In
addition, the need for in situ validation is demonstrated and imple-
mented through a rather simple, easy-to-reproduce botanical field
campaign. Ideally, the framework should be applicable also to larger
scales by simply changing input data sources.

Firstly, different criteria applied in several local to regional ap-
proaches to map GDV in semi-arid areas are combined in a novel map-
ping framework. Vegetative (temporal signals of plant vitality),
hydrogeologic (accumulation of water) and climatic criteria (precipi-
tation, evapotranspiration) will be merged together in a concept for
mapping GDV by the use of remote sensing techniques and geodata
integration. In order to overcome limitations of spatial resolution, the
usage of spatial and temporal high-resolution (10 m, 5-day) Sentinel2
(S2) data displays a novelty in the identification of GDV. Spectral indices
(e.g., Enhanced Vegetation Index (EVI)) or biophysical parameters (Leaf
Area Index (LAI)) that have been underexplored but show high potential
for GDV detection will be included. The application of hybrid classifi-
cation (Iso Cluster Unsupervised Classification (ICUC) in terms of GDV
mapping was tested for the first time. Moreover, the usage of in situ
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botanical data in order to validate results and optimize class boundaries
between GDV likelihoods displays a novelty.

The mapping concept is initially designed, tested, and validated in a
Mediterranean study area located in the ‘Cilento, Vallo di Diano and
Alburni National Park’ in South Italy. For the period from 2017 to 2021
a total of 102 S2-scences was analysed in terms of temporal variability of
spectral signals targeting plant vitality and moisture. Moreover, 116
comprehensive vegetation surveys and 100 comparative measurements
of leaf chlorophyll content using the Soil Plant Analysis Development
value (SPAD) were recorded and analysed. SPAD measurements address
for in situ differences of photosynthetic activity between co-occurring
Quercus species in GDV and non-GDV.

As groundwater in arid and semi-arid regions plays a key role in
providing drinking water, supporting irrigated agriculture and, sus-
taining important terrestrial ecosystems, a local GDV mapping frame-
work for the Mediterranean biome will be an important tool in order to
identify and study vegetation reliant on groundwater, which may in turn
support decisions on groundwater abstraction in order to protect these
hotspots of biodiversity.

2. Study area

The study area is located in southern Italy (Campania region) inside
the ‘Cilento, Vallo di Diano and Alburni National Park’ (Fig. 1).

The area was chosen due to its relative homogeneity in climate,
vegetation, soil, geology and hydrogeology, and its heterogeneity in
WTD and high naturalness in terms of land cover. Such factors were
considered favourable to recognize differences in vegetation predomi-
nantly induced by the presence of groundwater. According to Koppen
and Geiger classification (Beck et al., 2018) the area belongs to the hot-
summer Mediterranean climate (Csa) with a distinction between a cold-
wet season from October till March and a hot-dry season from April till
September (Romano et al., 2018). The vegetation in the study area is
mainly characterized by broadleaved deciduous or evergreen forests and
Mediterranean scrub (European Environment Agency (EEA), 2017).
Typical GDV in the area of interest (AOI) is associated with Mediterra-
nean riparian forests and thermophilous deciduous oak forests, as well
as evergreen holm oak forests. Non-groundwater dependent scrubs
mostly belong to the class of Mediterranean maquis and arborescent
matorral including brushes, thickets and heath-garrigues. Most impor-
tant phreatophytes in the area include:

Q. pubescens, Q. ilex, Salix alba, Phragmites australis, Alnus cordata,
Sambucus nigra, Q. cerris, Populus nigra. Information on rooting depth
was not available for the AOL

At local scale, five hydrostratigraphic units (HSU) (Maxey, 1964)
with different modes of groundwater circulation can be distinguished
(Casciello et al., 1995): 1) arenaceous-marly-clayey complex, 2) marly-
clayey complex, 3) arenaceous-conglomeratic complex 4) detrital com-
plex and 5) alluvial complex. Processes of infiltration and underground
water circulation in the AOI are strongly related to the presence of fine-
grained interbed layers and fracturing. The arenaceous-marly-clayey
complex shows alternating permeability from arenaceous rocky beds,
permeable for fracturing, and pelitic interlayers with low permeability
due to porosity. The occurrence of pelitic interlayers defines an overall
low degree of permeability by porosity and fracturing, which results in a
scarce and surficial groundwater circulation occurring mainly into the
more permeable weathering, or regolith, zone (Selby, 1993) and reliant
on topographic gradient. The marly-calcareous complex includes two
carbonate turbidite megastrata which are moderately permeable
through fracturing and, subordinately, through porosity. The degree of
deepening of the water circulation appears to be rather shallow. The
arenaceous-conglomeratic complex favours a medium to high degree of
permeability by fracturing and porosity, which makes it the most
important aquifer in the area. Underground water circulation appears
deeper than in the other complexes and is oriented towards the northern
part of the relief and terminating in the main springs of the area



L. El-Hokayem et al.

158E 15 s s 1506

Ecological Indicators 146 (2023) 109784

Ogliastro

Agropoli Cilento

0r20m—]

e

Castellabate

ao6n—

stro
ina

aoeaan—]

s

0e10m—]

avven—|

01 2 4 6 8
o sy Kilometers

Esri, Intermap, NASA, NGA, USGS, Esri, HERE, Garmin, Foursqua'e

LJuleanaZagreb
Belgrad
Sarajevo
[—sov20m
ITAL .
Podgorica P
Rome
Napl Bari Tirana
aples
’ ALBANI
o —aesn a
Tyrrhenian
Sea
Palermo lonian
Sea
Famen  [nis
75 150 300 450 600 Esri, HERE, Garmin, FAO,
I N W iometers NOAA, USGS

spo7a] | [

Legend

BT Vegetation surveys
©  Non-GDV
e GDV

[ Hydrobasins
[ study Area

Elevation [m a.s.l.]
e 11275

0

[aoizn

[0t

[aoen Editor: Léonard El-Hokayem

Spatial Reference: GCS WGS 1984

Scale: 1 : 150.000

Source: De Vita et al., 2018; Lehner & Grill, 2013

METI/NASA, US

1e58E 15 1502€ 150aE 1596

15wE 15910¢

Date: 09/11/2022

Fig. 1. Overview map of the study area ‘Mount della Stella (1,130 m)’, Italy with centroids at 15.06192 °E and 40.23961 °N and an area of 176 km2, 1:150,000.

(Casciello et al., 1995).
3. Material and methods

The workflow to detect GDV comprises three basic steps including 1)
definition and 2) implementation of the framework, and 3) validation
and calibration using ground-based data from botanical field mapping as
well as landcover and hydrogeology data. The subchapters of this sec-
tions are structured accordingly. All datasets used in this study are listed
in Table 1.

Table 1
Compilation of datasets used for classification and validation.

3.1. Definition of the GDV mapping framework

Underlying key concept for mapping GDV in arid and semi-arid re-
gions is the measurement of vegetation and moisture response at the
surface within an extended dry period (Barron et al., 2014). In this local
approach, the dry period of the AOI was derived from literature
(Romano et al., 2018).

The framework (Fig. 2) combines analyses on high-resolution remote
sensing data and existing geodata. Three main parameters (vegetative,
hydrogeological, and climatic) are defined by a total of five criteria
which consist of specific indicators respectively. Hence, the approach
includes the derivation of remote sensing indices and biophysical pa-
rameters to determine vegetation status and vitality (e.g., Barron et al.,

Dataset Application Temporal Spatial resolution Unit Period Data Source
resolution
Campanian’s aquifers Water table depth, HSU - 200 m m; mm,; - - De Vita et al., 2018
CHIRPS Local precipitation data Yearly 0.05° (~4.3 km at mm 2000-2020  Funk et al., 2015
40 N)

DEM Calculation of Topographic Wetness - 5m m - Regione Campania,
Index (TWI) 2004

Europe Land Cover Map Masking of the input data 2017 10 m - 2017 Malinowski et al.,

2020
MOD16A3 Total evapotranspiration Yearly 500 m kg/m?/ 2000-2020  Running et al., 2017
8day

Sentinel-2 Biogeophysical parameters and 5-Day 10 m - 2017-2021  ESA, 2021
vegetation indices

Soil Plant Analysis Development Photosynthetic activity 2021 - SPAD 2021 This study

value (SPAD)
Vegetation surveys Plant traits, phreatophyte coverage 2021 10 m - 2021 This study
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Fig. 2. Framework for GDV mapping in the Mediterranean biome and implementation for the AOI using certain vegetation indices (Normalized Difference
Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), EVI) and a biophysical parameter (LAI) derived from S2- data (10 m) from 2017 to
2021, a local DEM (5 m), a dataset about HSU in Campania (De Vita et al., 2018), global CHIRPS precipitation data (0.05°) and the MOD16A3 product on
evapotranspiration (500 m). The framework can be implemented for different Mediterranean AOI at local scale also by adapting datasets and the in-

dicators for the criteria.

2014; Doody et al., 2017; Gou et al., 2015; Lv et al., 2012), analyses on
DEM such as TWI (Miinch & Conrad, 2007), spatial variations in WTD
(Marinez-Santos et al., 2021), as well as climatic variables for precipi-
tation and evapotranspiration (Doody et al., 2017).

The five criteria were joined in a novel rule set, including indicators
that were already tested in the mentionend studies on GDEs. Criteria 1-3
aggregate indicators on vegetative analysis of high-resolution satellite
imagery using multiple spectral bands and indices together with
timeseries (Pasquarella et al., 2016). Criterion 4 and 5 target hydroge-
ology and climate. The first criterion aims at the identification of areas
that remain green or wet during the dry period (Eamus et al., 2016).
Criterion 2 includes vegetation which exhibits low seasonal changes in
leaf area or vitality. Criterion 3 permits the localization of vegetation
with low interannual variability in greenness and activity (Gou et al.,
2015). Criterion 4 includes hydrogeological parameters, especially
indicating areas where water accumulation takes places (Miinch &
Conrad, 2007) and WTD is low (Marinez-Santos et al., 2021). For cri-
terion 5, the potential inflow dependency (pIDE) of pixels was used to
integrate climate data (Doody et al., 2017). At the time of analysis,
annual means for criteria 2 and 5 were not available for 2021 yet. In
order to connect the different indicators and criteria, pixel-wise hybrid
classification was performed using Iso Cluster Unsupervised Classifica-
tion (ICUC) since no information on GDV in the study area was available
before. The classes got translated to ten GDV probability classes, which
were finally subdivided in GDV likelihoods by means of an independent
ecological rule set using vegetation data collected during the botanical
field campaign.

3.2. Implementation

3.2.1. Criteria 1-3 (based on high-resolution remote sensing)

The proposed workflow for detecting GDV in the Mediterranean
biome was tested in the study area using S2- surface reflectance data
from 2017 to 2021. In total 102 S2-scenes with a maximal cloud cover of

20 % and a resolution of 10 m were downloaded and pre-processed using
the ‘sen2r’ R-package (Ranghetti et al., 2020).

Spectral vegetation indices from remote sensing hold an enormous
benefit in the assessment of vegetation biomass, water use, plant stress
or plant health and further in the identification of GDV through analyses
of distribution and temporal trends. As plant density is often correlated
with water availability in arid and semi-arid environments (Eamus et al.,
2015), a key conceptual model for delineating the location of GDV is the
identification of ‘green islands’ (Akasheh et al., 2008). Three multi-
spectral indices: NDVI (Rouse et al., 1974), EVI (Huete et al., 2002) and
NDWI (Gao, 1996) that also found application in recent studies (Box
et al., 2022) were useful for indirect evaluation of greenness, wetness

and stress of surface conditions to derive potential GDV locations. The

(pPNIR—pRed)

indices were calculated following equation ((1)-(3)):NDVI = ONIRToRed)

(€5
where pNIR represents the reflectance in the near-infrared and pRed
is the reflectance in the red visible band.

(pNIR — pRed)

EVI = G*
(pPNIR + C;* pRed — C,* pBlue + L)

@

where pBlue is the reflectance in the blue band and C1 and C2 are
aerosol resistance coefficients. G represents a gain factor, and L is the
canopy background. In the MODIS-EVI algorithm the coefficients are
defined as: L=1,Cl1 =6,C2 =7.5and G = 2.5.

(pNIR — pMIR)

NDWI =+—— "L
(PNIR + pMIR)

3

where pMIR represents the reflectance in the short-wave infrared band.
LAI was calculated by following equation (4) using ESA’s SentiNel
Application Platform (SNAP) (Weiss & Baret, 2016).

«
TAT = 0.5*AVeg

" AGround Q)
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where Ayeq is the area of photosynthetically active elements of the
vegetation and Aground as the horizontal ground area.

Criterion 1 assumes that limited precipitation over an extended dry
period of five months leads to depleted soil moisture stores in general.
Data was obtained two months after onset of the dry period (July) until
the beginning of the wet period (end of September) for the years
2017-2021. Consequently, vegetation that is able to maintain a constant
vitality and wetness as well as high density (Lv et al., 2012) during this
period is likely to use groundwater. This criterion is susceptible to
vegetation found on deep soils with a high water holding capacity and
lower soil water deficit, regardless arid conditions in summer. Moreover,
species that are evergreen or well adapted to drought could show
spectral signals similar to the ones postulated for GDV without actually
using groundwater. Mean raster values were calculated for NDVI, EVI,
NDWI for each dry period from 2017 to 2021 (criterion 1). To meet
criterion 2 (vegetation shows low seasonal changes in LAI), annual
standard deviation of LAI, NDVI and EVI were calculated for 2017-2020
in order to assess vegetation structure and function across contrasting
seasons (wet and dry) (Eamus et al., 2016). Nevertheless, differences in
phenology (evergreen vegetation shows consistent greenness
throughout the year, while deciduous vegetation have a high alteration
in LAI) could confound the classification here. In order to overcome
limitations of criteria 1 and 2 another criterion was introduced by Tweed
et al. (2007) that aims for vegetation showing low interannual vari-
ability in activity. It is considered that GDV shows similar signals in
particular dry and wet years due to the existence of an external
groundwater source. For criterion 3, NDVI and EVI standard deviation
were calculated for the mean values of the dry periods from 2017 to
2021 which could be influenced e.g., by changes in landcover.

3.2.2. Criteria 4 and 5 (based on geodata products)

The implementation of the criteria 4 and 5 was based on a 5 m-DEM
derived by the regional vector topographic map (1:5,000) (Regione
Campania, 2004) and mean annual precipitation data derived from
CHIRPS (0.05°) and the MOD16A3 (500 m) product. WTD (200 m) in the
study area was derived from De Vita et al. (2018). Landscape wetness
potential and water accumulation based on topographical features are
strongly related to possible locations of GDV (Miinch & Conrad, 2007).
TWI was calculated from the local DEM to quantify topographic control
on hydrological processes:

As

TWI = ln(m) )

where, As is the specific catchment area (the cumulative upslope area
draining through a cell divided by the contour width) and f is the local
slope angle, giving a hint to long-term soil moisture availability (Beven
& Kirkby, 1979). TWI was calculated by means of the ‘Topographic
Wetness Index’ tool in QGis 3.12 using the standard method including
slope and catchment area. Besides TWI, criterion 4 also included water
table depth as additional indicator (De Vita et al., 2018).

pIDE (criterion 5) was displayed as simple ratio between mean
evapotranspiration and mean precipitation for 2000-2019 pixel-wise in
order to highlight areas where climatic conditions indicate external
water inflow (Doody et al., 2017). Vegetation pixels showing higher
annual evapotranspiration rates than actual precipitation are hence
more likely to be groundwater dependent.

In summary, rules for classifying vegetation pixels to be groundwater
dependent include: 1) high vitality or moisture during dry periods, 2)
low seasonal variability in vitality, 3) low interannual changes in vi-
tality, 4) shallow groundwater and topographical conditions favouring
water accumulation and 5) annual evapotranspiration exceeding
precipitation.

3.2.3. Classification
In order to only process the most natural vegetation, a mask was
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created based on the “European Landcover Map” (accuracy = 86 %)
(Malinowski et al., 2020). Therefore, all pixels representing: clouds,
artificial surfaces and constructions, cultivated areas, vineyards and
water bodies were excluded, reducing the area by 13 %. Finally, all input
raster data were harmonized in terms of extent (AOI), resolution (10 m)
and projection (WGS 1984, UTM zone 33 N) by means of the spa-
tial sync raster function in the R-package ‘spatial.tools’ using nearest
neighbour interpolation (Greenberg, 2020). Finally, all rasters were
masked against the land cover mask.

The identification of GDV is provided by hybrid classification.
Firstly, an unsupervised classification is performed that does not need
training sets, as it attempts to find underlying structures automatically
via common spectral characteristics, and groups pixels that are statis-
tically similar, into a specified number of classes (Duda & Canty, 2002).
Afterwards, the images are reclassified by running a supervised classi-
fication using the statistics of the unsupervised classification as training
knowledge (Al-doski et al., 2013). The utilized ICUC tool performs the
classification based on a series of input raster bands by a combination of
Iso Cluster and Maximum Likelihood classification (ESRI, 2021). Equa-
tion (6) shows the underlying algorithm:

(X — Opin)* (Nax — Nnin)

7z =
(Omax - Omin) + Nmin

+ Noin (6)

where Z is the output raster with new data ranges, X is the input raster, O
represents the minimum or maximum value of the input raster and N is
the desired minimum or maximum value for the output raster. By
implementing iterative clustering, the tool first identifies natural
groupings of pixels that are later used as input for the maximum like-
lihood tool (Green & Cooper, 2016).

In accordance with Barron et al. (2012), 20 classes were defined to
consider variability of relevant land cover (n = 6), hydrogeological
systems (n = 6), elevation (0-1,200 m) and soil types (n = 5) in the AOI
and also allow for higher flexibility when grouping classes. The mini-
mum class size was set 10 times higher than the number of input raster
bands (ESRI, 2021). Since the algorithm uses minimum and maximum
values for classification, two parallel classification runs were imple-
mented, combining criteria where low values represent GDV and vice
versa.

The assigned values from both classification runs were summed
pixel-wise, to pinpoint pixels that show highest values for most criteria
and hence hint to possible GDV locations. The summarized raster images
with values ranging between 3 and 40 were reclassified to ten quantiles
which are considered to represent the probability (0-100 %) of each
pixel being groundwater dependent.

3.3. Botanical field mapping and validation

By observing patterns in range and behaviour of indicator commu-
nities or species, botanical field mapping serves as validation of the
GDV-map. Further, results were used to derive class boundaries for GDV
likelihoods.

A total of 116 vegetation surveys and 100 SPAD measurements were
conducted in the study area. Based on the GDV probability map (ten
classes) and according to recent results from other GDV studies in semi-
arid environments (Doody et al., 2017; Gou et al., 2015; Pascoa et al.,
2020) the area got subdivided in two main classes (Non-GDV = lower 70
%, GDV = upper 30 %). For each class, 58 vegetation surveys and 50
SPAD measurements were recorded.

Every vegetation survey contains information on: date, location,
elevation, HSU, habitat, species number, stratification (tree 1 & 2, shrub,
herb) and occurrence of above-ground water. For each species in the
100 m? plots, different plant traits (Ellenberg indicator values, plant life
form, leaf anatomy) were assigned from literature respectively (Pignatti,
1982; Pignatti et al., 2005) and means were calculated plot-wise. In
particular the Ellenberg indicator values allow to easily characterize
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ecological conditions of plant communities in terms of light availability
(L), temperature (T), continentality (K), moisture (F), soil reaction (R)
and nutrients (N) (Ellenberg, 1974) which are practical to characterize
groundwater dependency (Killroy et al., 2008). Furthermore, each spe-
cies was classified as phreatophyte or not using different studies of
phreatophyte species (e.g., Gomes Marques et al., 2019; Thomas, 2014).

Additionally, in situ reference measurements of relative leaf chlo-
rophyll content were conducted for two co-occurring Quercus species in
areas prior labelled GDV or non-GDV using the ‘SPAD-502Plus’ optical
chlorophyll absorbance meter. SPAD values help to address differences
in photosynthetic potential, vitality or primary production of the
respective species (Richardson et al., 2002).

In a first step, all vegetation plots and SPAD sites were labelled as
GDV or non-GDV according to their position on the probability map. To
check whether differences in classification were reflected in actual
vegetation cover, a statistical analysis of differences in plant charac-
teristics and SPAD between these two groups was carried out. Since none
of the parameters were normally distributed and the samples were in-
dependent, a Wilcoxon rank-sum test was performed for each plant trait
(Traxler, 1997) (Figs. 3-4).

In a second step, the field plots were classified independently of the
probability map based on an ecohydrological rule set including phre-
atophyte coverage (P%) and mean moisture value (F) of non-
phreatophyte species. Since, no information on rooting depth of spe-
cies, WTD or actual groundwater uptake was available in the field, these
simple indicators help to classify GDV. A statistical approach was used to
evaluate GDV classes based on phreatophyte cover using quantiles, as no
thresholds are available in the literature. Following likelihoods are
proposed: 1) Non-GDV (P% < 25, F < 3 (arid)), 2) Unlikely GDV (P% =
25-50, F = 3), 3) Likely GDV (P% = 50-75, F = 4) and 4) GDV (P% =
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75-100, F > 4 (well supplied with water)). Based on their occurrence
frequency, GDV likelihoods were transferred to the probability map, to
calibrate class boundaries and test accuracy of the classification.

4. Results
4.1. Vegetation surveys

Variances between vegetation surveys can be used as on-ground
confidence building for the decision whether vegetation is ground-
water dependent or not. Differences between map-labelled GDV and
non-GDV-plots are visible in the stratification. For GDV, tree layer 1
dominates with a mean share of 65 %. Within non-GDV the most
important layer are shrubs with 76 %. Ellenberg indicator values, leaf
anatomy, species richness and proportion of phreatophytes are exam-
ined for significant differences between both classes. Median indicator
values (Fig. 3) in GDV account for semi-shade plants (L = 5.3), found on
dry places and soils supplied with water (F = 3.9) as well as on humified
soils (N = 4.6) in mesophilic or mildly basic environments (R = 5.8).
Within non-GDV full sun or reduced light conditions (L = 7.9) prevail.
The identified species are indicators of aridity (F = 2.9), found on
nutrient-poor soils (N = 3.6) in neutral conditions (R = 5.2). According
to the Wilcoxon rank-sum test, differences for indicator values were
found to be highly significant (p < 0.001).

Very significant differences (p < 0.01) between both systems were
found for plant life forms. Therophytes and hemicryptophytes are more
likely to occur in non-GDV, while nanophanerophytes are more frequent
in GDV. As for variances in leaf anatomy, higher coverage of scle-
romorphic species indicates non-GDV, whereas mesomorphic as well as
hygromorphic species are found more often in GDV. Results of the

Indicator values ~ Vegetation type
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Fig. 3. Distribution of Ellenberg indicator values (L, T, K, F, R, N) in GDV and Non-GDV plots. Grey dots show the actual data points (n = 58 per class) and
red dots display the mean values. Ranges are different for each value (see Pignatti et al., 2005) Differences are highly significant (p < 0.001).
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SPAD Q. pubescens
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SPAD values Quercus species ~ Vegetation type
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SPAD values for Quercus species are generally associated with higher GDV classes. Differences are more pronounced for Q. pubescens. Red dots display the

mean value.

Wilcoxon rank-sum test for the parameters showed highly significant

differences for each individual parameter.

Nevertheless, GDV tends to be richer in species by two at the median.

The overall number of different species identified in GDV is higher at 97
than in non-GDV at 83. The median coverage of phreatophytes for GDV
is significantly higher at 63 % compared to 8 % for non-GDV.

Besides classical vegetation surveys, SPAD measurements were car-
ried out to display differences between the vitality of two co-occurring

Quercus species in areas classified GDV and non-GDV (Fig. 4). The me-
dian for Q. pubescens is at 42.6 in GDV and significantly smaller at 29.2
in non-GDV. For Q. ilex, variances are less pronounced with SPAD values
at 40.0 and 32.4 but still highly significant according to the Wilcoxon
rank-sum test.

The significant differences between GDV or non-GDV locations
derived from the probability map in terms of plant traits and SPAD
represent a first validation of the presented workflow or the

Fig. 5. Remote sensing and geodata products that were integrated in the ICUC classification of GDV likelihoods for the Mt. della Stella area. a) summarizes criterion 1
(NDVI, EVI, NDWI during the dry period). b) displays criterion 2 (seasonal changes of NDVI, EVI and LAI). c¢) shows criterion 3 (interannual changes of NDVI, EVI). d)
integrates TWI and WTD as criterion 4. e) is criterion 5 (pIDE) and f) displays the final GDV likelihood map. All remote sensing indicators (NDVI, EVI, NDWI, LAI)

display the mean over the period from 2017 to 2021.
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classification.

4.2. Remote sensing, validation and calibration

All single parameters that were included in criterion 1-5 and in the
classification are visualized in Fig. 5.

The GDV probability map got validated using results of in situ
vegetation surveys, also focussing on calibration to derive class bound-
aries between GDV and non-GDV in order to create a GDV likelihood
map. The criteria-based classification of plant traits allowed for inde-
pendent labelling of vegetation field plots. According to the ecohydro-
logical rule set, 41 % of the plots can be considered non-GDV, 18 % are
unlikely GDV, 33 % likely GDV and 9 % GDV. These distributions were
assigned to the GDV probability map in order to derive class boundaries
for the GDV likelihoods. Therefore, non-GDV is represented in proba-
bility class 1-4, unlikely GDV account for class 5-6, likely GDV account
for class 7-9 and GDV is summarized in class 10. For 62.7 % of the 116
vegetation plots the likelihoods derived from plant traits and classified
by the ICUC match. In 32.7 % of the cases, higher likelihoods, and in 5.1
% lower likelihoods were assigned by the remote sensing classification.
For 14.6 % of the plots non-GDVs were classified as GDVs (false posi-
tives), and only one GDV plot has been classified falsely as non-GDV
(false negative).

The proportion of the arenaceous-conglomeratic HSU is much higher
in non-GDV (17 %) than in GDV (2 %). Given the medium to high
permeability of the HSU, which is consequently characterized by deeper
groundwater flow (De Vita et al., 2018), it is likely that non-GDV is
prevalent here. 80 % of all GDV is located on the arenaceous-marly-
pelitic series which is characterized by low permeability of the rock
mass favouring a surficial groundwater circulation into the regolith
zone. GDV is less common in the arenaceous-conglomeratic HSU due to
high permeable rocks where water infiltrates deeper and is less available
to plants. However, GDV still can be found on the lower northern slope
of Mount della Stella although the arenaceous-conglomeratic series
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2
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dominates. Since deep groundwater circulation is oriented towards the
northern sector of Mount della Stella, many springs are located in this
area (De Vita et al., 2018), therefore shallower local WTD as well as
spring discharge favour the occurrence of some GDV.

Fig. 6 shows the most important land cover classes (Malinowski
et al., 2020) in the study area and per GDV likelihood. With increasing
groundwater dependency, the internal share of herbaceous vegetation
decreases from 33 % to 5 % in favour of broadleaved trees where the
share increases from 19 % to 39 %. Locations of GDV likelihoods in the
landscape show proportional differences in terms of hydrogeology and
landcover and thus serve as a further validation step against existing
geodata.

A 2020 NDVI time series extracted for each vegetation plot shows
differences in trend and value expression between GDV (likelihood
classes 3 + 4) and non-GDV (likelihood classes 1 + 2) (Fig. 7). Overall,
the median NDVI is higher in GDV (0.78) than in non-GDV (0.57)
throughout the year. The mean alterations between both systems are
twice as high (0.26) during the dry period than during the wet period
(0.13). The interquartile range for each date is lower for GDV, especially
within the dry period, which supports the idea of highly specialised
vegetation ecosystems that only occur in a small range of favourable
environmental conditions (Brown et al., 2009) and hence show similar
spectral signals or properties within the study area.

The course of value expression in GDV and non-GDV is shifted. With
onset of the dry period, NDVI values decrease for non-GDV, while GDV
shows an opposite trend. Starting with the onset of the dry period in
April a decrease in plant vitality is visible for non-GDV. As soon as the
wet period starts, the NDVI increases drastically within non-GDV sites.
This could be related to the high amount of scleromorphic species that
show mechanisms of rapid water supply as soon as water is available
(Ellenberg & Leuschner, 2010). Also, in GDV vitality increases but the
response to the onset of precipitation seems delayed compared to non-
GDV. The maximum NDVI within non-GDV is captured during the wet
period. The maximum NDVI for GDV is recorded during the dry period.
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NDVI trend ~ monthly precipitation for 2020
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Fig. 7. Extracted NDVI values in GDV and non-GDV for 2020. NDVI got extracted for the 116 field plots. The modelled NDVI trend uses a fourth-degree polynomial
function and was compared with mean monthly precipitation in the study area using CHIRPS precipitation data. Non-GDV and unlikely GDV as well as likely GDV

and GDV were summarized as non-GDV and GDV respectively.

Overall, the progression of NDVI medians in GDV shows greater inde-
pendence from precipitation, which strengthens the assumption of an
external water source in this system and further validates the results
from classification.

A correlation analysis between remote sensing criteria, in situ
parameter and GDV classes from field work for the vegetation plot lo-
cations shows highest correlation between plant traits and mean indi-
cator values during the dry period (Fig. 8). Overall, criteria relative to
interannual and seasonal changes of NDVI, EVI and LAI show negligible
to low correlations with in situ vegetation data. Also, no or negligible
correlations occur between plant traits and pIDE, TWI or WTD. High
positive correlations between remote sensing parameters and GDV
classes are presented for mean NDVI, EVI and NDWI in the dry period,
and moderate negative correlations for interannual changes of NDVI and

Correlogram Vegetation surveys~Remote sensing data
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5. Discussion
5.1. Criteria and data

By using high-resolution S2-data to identify GDV in this study, low
density and small range GDV that remained undetected in other studies
(Doody et al., 2017; Pascoa et al., 2020) can be delineated. Furthermore,
it can be assumed that the higher the resolution, the smaller the influ-
ence of mixed pixels becomes. Still, mixed pixels display a limitation of
each remote sensing approach as they influence signals about vegetation
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coverage (Gou et al., 2015). Since S2-data are only available from 2015
onwards, long-term analyses of interannual changes as proposed by
Doody et al. (2017) and Pascoa et al. (2020) are not possible. Long-term
available satellite time series are likely to increase classification accu-
racy of climatic driven criteria, as relevant drought events may be
excluded by only considering five years (Pascoa et al., 2020). Vegetation
that uses groundwater outside of the studied period may not be identi-
fied. The high temporal resolution of the S2-data (5-days), on the other
hand, supports the selection of suitable study periods during the dry
period and for seasonal analyses, e.g., in semi-humid or humid biomes.

The presented methodological framework to identify local GDV in
the Mediterranean can be understood as a combination and advance-
ment of different approaches already tested in semi-arid and arid envi-
ronments on local to continental scales. The five criteria that define the
framework were selected based on the experience of previous studies (e.
g., Barron et al., 2014; Doody et al., 2017; Gomes Marques et al., 2019;
Gou et al., 2015; Pascoa et al., 2020). It is indicated that considering
areas that remain green during dry periods (criterion 1) solely is insuf-
ficient in order to identify GDV. Vegetation that could be considered
groundwater dependent according to that criterion, was found to also
meet its water demand rather from soil moisture storage of thick soils in
the AOL It appears, that seasonal and interannual changes in plant vi-
tality precise the final GDV map.

Criterion 2 aiming for seasonal changes in vitality may ignore de-
ciduous GDV due to seasonal growing patterns and further classify
evergreen vegetation that is not groundwater dependent as GDV (Barron
et al., 2014).

Criterion 3 can be susceptible to fires and deforestation. On the other
hand, criterion 3 highlights non-GDV due to lower vitality in particular
dry years (2017) compared to more wet years (2018), which was found
to be rather dependent on precipitation. However, pixels that show high
moisture or vitality during a prolonged dry period as well as low sea-
sonal and interannual changes, are likely to be groundwater dependent.
Implementation of all three remote sensing criteria as introduced by Gou
et al. (2015) and applied by Liu et al. (2021) is necessary in order to
account for the typical phenology of different vegetation classes (e.g.,
evergreen vs deciduous) present in the study area. Nevertheless, inde-
pendent classification runs for each land cover class or standardized
NDVI timeseries (Pascoa et al., 2020) could also help to improve the
accuracy in general.

For criterion 4 the spatial resolution of the WTD dataset allowed the
classification as non-GDV for certain areas on Mount della Stella and its
northern slopes, however, it was not helpful for high spatially variable
classification at lower altitudes, as the WTD was below 4 m for 75 % of
the territory and occurrence of phreatophytes and hence formation of
GDV is possible. Results from TWI are limited to pinpoint locations of
water accumulation in general and are no clear indicator for access of
plants to groundwater.

As proposed by Doody et al. (2017), pIDE displays an easy criterion
to address whether a system is inflow dependent or not. However, cri-
terion 5 accounts for inflow in general and not for groundwater inflow
solely, which can be a problem in regions with a high percentage of
precipitation water supplied to surface runoff. The resolution of the
precipitation data (0.05°) and also of the final pIDE product (500 m) is
too coarse to meet the requirements of locally observed high spatial
variability of GDV. Still, regional distribution of pIDE resembles patterns
observed for plant vitality during the dry period. Nevertheless, for global
approaches pIDE may display a good possibility to include climate data.

The integration of existing geodata from different sources on top of
remote sensing analyses provides a more holistic approach to map GDV
as it includes geographical site factors. Yet, local integration is limited
by spatial and temporal resolution of datasets compared to remote
sensing data as the results of the correlation show. The transferability to
other areas and to larger scale levels still needs to be tested. Ground data
derived from this study can be used as training data for supervised
classification. Classification and Regression Trees (CART) offers the
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opportunity to identify relevant criteria and thresholds and hence holds
the potential to transfer results to a larger area (Breimann et al., 1984.
However, the concept can only be applied if the study area shows a well-
defined seasonality of precipitation.

The specific plants traits recorded in the field hint only to ground-
water dependency, as they are not able to actually confirm the presence
of accessible groundwater as e.g., stable isotope analysis of plant water
is able to (Jones et al., 2020). Differences in height, leaf anatomy and
growth form between facultative phreatophytes growing as GDV or non-
GDV show that identification of species alone is not sufficient though
(Box et al., 2022). Accordingly, the occurrence of facultative phreato-
phytes hints to possible GDV but is not a fully proof of groundwater
uptake. To overcome this uncertainty, including moisture value of non-
phreatophyte species to the ecological rule set helps to reinforce the
assumptions when data on rooting depth or WTD are not available.

Comprehensive vegetation surveys combined with in situ measure-
ments of photosynthetic activity enhance the validation quality as they
provide more information on vegetation than phreatophyte or land
cover maps do. On the other hand, they are just punctual and complicate
areal validation, which was overcome by also including commonly used
data as for land cover or hydrogeology (e.g., Gou et al., 2015; Miinch &
Conrad, 2007).

5.2. GDV likelihood classification

The selected ICUC confirmed locations of GDV in the landscape that
were conducted previously in similar studies and hence underpins its
ability to GDV detection at the local scale. The likelihood map indicates
that GDV is located in catchments with low hierarchical order where
shallower groundwater circulation occurs in the regolith zone, and
further represents the local morphology, topography, geology and
runoff patterns (De Vita et al., 2018). GDV is often found near or along
major faults, as stated in other studies (Doody et al., 2017; Miinch &
Conrad, 2007). This is related to rock fracturing and topography, which
favour the accumulation and storage of water, or the emersion of deeper
groundwater in springs due to the hydrogeological barrier effect (Doody
et al., 2017).

Discrepancies in the assessment of groundwater dependence for
criteria 1-3 along the northern slopes of Monte della Stella (arenaceous-
conglomeratic complex) in terms of high vitality and moisture during
the dry season, but secondly higher seasonal and interannual changes in
vitality were observed. Knowing the high water retention properties and
associated high storage of soil water in thick, volcanic soils (Napolitano
et al., 2016; Mileti et al., 2017) combined with higher precipitation
amounts at higher altitudes and, on the other hand, deep groundwater
circulation at this part of the study area, the occurrence of a dense,
deciduous, non-groundwater-dependent C. sativa forest endorses the
classification results. These local edaphic characteristics provoke an
exception in the presumed signals or behaviour of non-GDV during
prolonged dry periods (criterion 1). However, C. sativa does not use
groundwater and is adapted to drought stress, which favours the idea of
C. sativa forests forming non-GDV mainly (Martinez-Sancho et al.,
2017). Nevertheless, considering only vitality during the dry period
would have led to misclassification as GDV and combination of several
remote sensing criteria and geodata is necessary to enable a more robust
and reliable classification.

Contrary to observations indicating that primary productivity of
plants peaks during the wet season (e.g., Aronson & Shmida, 1992), the
vitality (median NDVI) for GDV in this study is highest during the pro-
longed dry period. GDV may play a unique role here, as water avail-
ability is decoupled from current precipitation.

Significant variances between vegetation surveys of GDV and non-
GDV for moisture, reaction and nitrogen are likely related to ground-
water access in the study area, since other factors like: soil types, pre-
cipitation or temperature show a quite homogeneous spatial distribution
(Killroy et al., 2008; Romano et al., 2018). A study by Casciello et al.
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(1995) proved ranging pH value of groundwater samples between 6.3
and 8.9 in the AOI Since the pH value of uncontaminated groundwater
is higher than precipitation water, higher median reaction (R) values in
GDV that account for more neutral to basic conditions are likely related
to a higher groundwater contribution, as the water is classified as
calcium-magnesium-bicarbonate (Casciello et al., 1995). While in non-
GDV, lower values indicate that the vegetation is fed by precipitation
water mostly (Killroy et al., 2008). Whereas, higher moisture values for
GDV are likely to be directly associated with shallower and long-lasting
groundwater levels and hence groundwater uptake or access by vege-
tation (Casciello et al., 1995). Differences in species richness indicate
GDV to be richer in plant diversity and hence underpin the point that
GDEs form biodiversity hotspots and habitats for threatened in-
vertebrates, vertebrates as well as vascular plants, and are furthermore
protectable systems (Brown et al., 2009).

Areas that were identified as GDV in the study area can contribute to
the development of adapted water management methods and designa-
tion of systems worthy of protection or conservation within the National
park area. As multiple ecosystems in semi-arid regions suffer from stress
by increasing pressures of climate, land use and population change (Gou
et al., 2015), locations of GDV help to determine extent or restrictions
relative to the abstraction of groundwater. The local identification of
GDV, however, is important in order to understand nature and location-
dependency of these systems and thus delineate possible regions where
even small changes in groundwater levels affect the survival of GDV
(Eamus et al., 2006). In the Mount della Stella area this accounts for GDV
located near settlements (especially tourism hotspots at the coast),
cultivated areas and areas with a high density of wells and water res-
ervoirs, while the whole area can be considered a climate change hot-
spot respectively (Ducroqc, 2016).

6. Conclusion

The framework developed in this study for identification of GDV in a
Mediterranean environment can be understood as a step towards the
creation of a harmonized, up-to-date GDV map for the Mediterranean
biome. The classification results of the individual parameters or criteria
illustrate that a focus solely on identification of areas that remain green
and wet during the dry period (NDVI, NDWI, EVI) is not sufficient.
Instead, seasonal and interannual changes of vitality (NDVI, EVI) as well
as hydrogeological parameters such as TWI and WTD should be taken in
account to ensure a robust and valid concept. Statistical analysis of 116
vegetation surveys showed significant differences between GDV and
non-GDV in terms of plant traits and phreatophyte coverage. The rela-
tive leaf chlorophyll content derived from 100 SPAD measurements was
higher for both observed Quercus species in GDV. It has been shown that
pixels classified as GDV occur more frequently in broadleaf and conif-
erous forests and HSU with surficial groundwater circulation, which is
typical of low permeability terrains. An ecological rule set derived from
botanical field mapping was further suitable to calibrate four GDV
likelihood classes. The problem of upscaling this localised knowledge to
allow larger-scale GDV mapping is commonly recognised and will be
tested in future studies. Nevertheless, local results received in this study
provide already a valuable source for decision makers inside the na-
tional park area in order to apply sustainable groundwater management
strategies.
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