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A B S T R A C T

In Mediterranean dryland ecosystems climate change is occurring with an increase in air temperature and a
decrease (mainly in wet seasons) of precipitation, which are key for grass and tree growth. We investigated an
attractive Sardinian case study with a typical tree-grass ecosystem, where wild olives and seasonal grass species
grow on thin surface soil layer overlaying a fractured rock sublayer. A very long-term database with almost 60
years of data is available, with micrometeorological and meteorological measurements, and remote sensing data,
providing a unique opportunity to analyze the response of tree-grass ecosystems to historical climate and land
cover changes. We proposed an ecohydrological model that was able to reproduce the soil, vegetation, and at-
mosphere interactions and dynamics, and their long-term evolution. The model accurately predicted the long-
term dynamics of the tree cover fraction, which was drastically reduced (~0.10) by a human-induced fire
about 50 years ago, and restored naturally in almost 20 years, reaching the equilibrium value (~0.33). The
Sardinian tree-grass ecosystem suffered a historically significant reduction in rain and a significant increase in air
temperature in the last century. The predicted future scenarios are even more severe, with a further decrease of
mean annual precipitation (MAP) of up to ~400 mm, and an increase of air temperature of +4 ◦C, which will
cause a reduction of the tree cover fraction of up to 0.10 and a strong decrease of the tree LAI. At present, the
developed tree cover percentage of the Sardinian site is sustainable with the historical MAP (>600 mm/y),
thanks to the tree hydraulic redistribution contribution to transpiration (up to 80 %). In the predicted future
scenarios, the increase of dry conditions with a wetness index (precipitation/potential evaporation) below 0.005
will increase the hydraulic redistribution contribution, reaching 91 % of tree transpiration, which, however, will
be not enough to support tree growth and maintenance. The soil is predicted to become drier, with less grass and
vegetation in general, with consequences for the landscape aspect, becoming more and more a savanna-like
ecosystem.

1. Introduction

Dryland ecosystems are widely spread all around the world (~47 %,
D’Odorico et al., 2019). These ecosystems are highly sensitive to sea-
sonal and decadal climate changes, which can impact water availability
(D’Odorico et al., 2019) and ecosystem sustainability (Yaseef et al.,
2010; Grossiord et al., 2017; Montaldo et al., 2021). In Mediterranean
basin ecosystems, climate change is manifesting itself mainly with a
positive trend of air temperature, and a negative trend of precipitation in
wet seasons (Martínez-Fernández et al., 2013; Montaldo and Sarigu,
2017; Corona et al., 2018). Climate predictions of future scenarios by the
Intergovernmental Panel on Climate Change (IPCC) are more dire,
affecting the central Mediterranean basin with a further decrease of

rainfall in wet months and an increase in air temperature (Ozturk et al.,
2015; Lionello and Scarascia, 2018; Sirigu and Montaldo, 2022). Med-
iterranean regions are highly sensitive to climate change (Giorgi and
Lionello, 2008), and were classified by Giorgi (2006) as one the most
pronounced “hot spots” in the world, being affected by changes of both
precipitation and evaporation (highly related to air temperature), the
two asynchronous atmospheric forcing impacting the soil water balance
(Montaldo and Oren, 2018).

Mediterranean regions are water-limited ecosystems characterized
by the coexistence of trees and grasses that compete for water use, and
their spatial distributions are affected by physiographic properties and
atmospheric forcing, and evolve in time with climate dynamics (Scholes
and Archer, 1997; Kurc and Small, 2004; Sankaran et al., 2005;
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Breshears, 2006; Detto et al., 2006; Montaldo et al., 2008; Moore and
Heilman, 2011; Villegas et al., 2014). Indeed, in these ecosystems
climate seasonality plays a central role, controlling the hydrological
sustainability of trees, with wet seasons providing water needs for sus-
taining vegetation growth and its subsistence during dry seasons.
Climate change is impacting the seasonality of the climate, both rain and
air temperature, and these changes may impact the delicate equilibrium
of tree-grass ecosystems (Scholes and Archer, 1997; Sankaran et al.,
2005; Breshears, 2006; Detto et al., 2006; Montaldo et al., 2008). In
these ecosystems, during wet seasons rain infiltrates into deep soil
layers, providing a water supply for tree livelihood in dry seasons when
tree roots uptake water from the underlying soils through the hydraulic
lift phenomenon (Domec et al., 2010; David et al., 2013; Nadezhdina
et al., 2015; Sperry and Love, 2015; Fan et al., 2017; Montaldo et al.,
2021). In those ecosystems trees often grow on thin soils above fractured
rocks, with tree roots penetrating into the sublayer of fractured rocks for
water uptake. Indeed, in these conditions, evapotranspiration is mainly
supplied (up to 70–90 %) by rock water storage (Schwinning, 2010; Yu
and D’Odorico, 2014; Nie et al., 2017; Eliades et al., 2018; Rempe and
Dietrich, 2018; Montaldo et al., 2021). Hence, changes of annual and
seasonal climate may impact the perspective of tree sustainability and
the delicate hydrological equilibrium that supports vegetation growth in
dryland ecosystems (Scholes and Archer, 1997; Sankaran et al., 2005;
Breshears, 2006; Detto et al., 2006; Montaldo et al., 2008). The esti-
mated declining trend of rain in many Mediterranean regions (Martínez-
Fernández et al., 2013; Montaldo and Sarigu, 2017) can affect tree
sustainability (Doughty et al., 2015; Clark et al., 2016). Sankaran et al.
(2005) and Axelsson and Hanan (2017) estimated a mean annual pre-
cipitation (MAP) threshold of around 600–700 mm, below which rain
restricted tree cover growth in African savannas. At the same time, an
increase of vapor pressure deficit (VPD) due to the recognized increase
of air temperature may affect vegetation growth negatively (Williams
et al., 2013; Yuan et al., 2019). Future climate change scenarios are
predicting drier conditions (Ozturk et al., 2015; Lionello and Scarascia,
2018; Sirigu and Montaldo, 2022) that can affect tree development,
making past survival and water-use optimization strategies insufficient,
and these need to be investigated carefully.

Long-term hydrological databases are important for understanding
and evaluating past climate changes, and can be also the basis for
properly modeling land surface fluxes under future climate scenarios.
Nowadays, long-term databases of past land surface fluxes and remote
sensing observations are starting to be available. Several experimental
sites have been instrumented from the early 2000s by eddy covariance
towers for monitoring evapotranspiration, energy balance, soil water,
and CO2 exchanges (Baldocchi, 2003, Detto et al., 2006), and data for
more than 20 years are available today (Baldocchi et al., 2021; Pang
et al., 2021; Yang and Lei, 2022; Zheng et al., 2023). Some optical
remote sensors, like Landsat (spatial resolution of 15–30 m) and the
NOAA advanced very high-resolution radiometer (AVHRR) (spatial
resolution of 1100 m), have been operating since the early 1980s (Gim
et al. 2020; Ngadze et al. 2020), becoming useful for detecting vegeta-
tion cover changes. In dryland ecosystems, to capture the spatial vari-
ability of the typical tree-grass mosaic of the landscape, remote optical
sensing data need to be at fine spatial resolutions (Hill et al., 2011; Olsoy
et al., 2017), which can be achieved through the use of Landsat data, for
example (Li et al., 2017; Ngadze et al., 2020), characterized by a tem-
poral resolution of 16 days, which is enough to monitor seasonal vege-
tation dynamics (Montaldo et al., 2023). At the same time, historical
aerial photographs are available in many areas of the world, mainly
from the second world war, which do not with the same high frequency
but are still relevant for capturing the long-term evolution of the land
cover (Gennaretti et al., 2011; Mboga et al., 2020; Giza et al., 2021;
Sirigu and Montaldo 2022). Merging these databases, climate change
effects on vegetation cover dynamics in the past can be investigated
(Barbeta et al., 2013; Clark et al., 2016; Sirigu and Montaldo, 2022). At
the same time, investigating and estimating past land cover changes, and

understanding of the climate causes of eventual natural historical land
cover changes, can be a useful tool for properly predicting future
changes and impacts on land surface fluxes and landscape ecosystems. In
this sense, robust ecohydrological models opportunely tested using such
long-term hydrological databases can be an important means for pre-
dicting the impacts of climate change.

Ecohydrological models have been developed in the last decades to
account vegetation dynamics and their interactions with soil and at-
mosphere in land surface models. Ecohydrological models couple land
surface models (LSM) and vegetation dynamic models (VDM) so that
vegetation variables (e.g., the leaf area index, LAI) are simulated
dynamically by the VDM and used by the LSM for hydrological process
predictions (e.g., evapotranspiration, interception) (Cayrol et al., 2000;
Nouvellon et al., 2000; Arora, 2003; Montaldo et al., 2005; Montaldo
et al., 2008). Recently, Montaldo and Oren (2022) developed an eco-
hydrological model that is very useful in water-limited tree-grass
ecosystem because it also predicts water uptake by tree roots from the
fractured rock sublayer and, in general, from any deeper soil medium,
and the hydraulic redistribution (HR) between the sublayer and surface
soil, accounting for the heterogeneity in surface soil moisture caused by
the rhizosphere. Montaldo and Oren (2022) demonstrated the impor-
tance of using a detailed ecohydrological model that includes HR and
rhizosphere water balance to predict evapotranspiration and tree and
grass behavior in a tree-grass Mediterranean ecosystem in Sardinia. For
long-term predictions, because vegetation cover may change due to
climate factors and vegetation species compete for light and natural
resources (e.g., water) (Sitch et al. 2003), ecohydrological models need
to include representation of the processes at the base of the evolution of
vegetation cover. Global vegetation models include the dynamics of
population density and vegetation cover at coarse spatial resolutions
(Sitch et al., 2003; Gerten et al., 2004; Reick et al., 2013; Zhu et al.,
2015), using accurate mathematical representation of the involved
physical processes, which may overparameterize and increase the model
computational burden for hydrologic applications. There is still a need
for ecohydrological models characterized by simplicity and low
parameterization that are still able to capture the main ecohydrological
processes for long-term predictions. Furthermore, only the use of long-
term database at a fine spatial scale can guarantee proper validation
of ecohydrological models that suffer from over-parametrization.

Sardinia is an interesting case study of climate change impacts due to
its position in the center of the Mediterranean Sea, its high sensitivity to
climate change (Piras et al., 2014; Montaldo and Sarigu, 2017; Montaldo
and Oren, 2018; Marras et al., 2021), its relatively low urbanization and
human activity (with ~50 % of the total area covered by forest; Salis
et al., 2015), and the lack of relevant land cover changes (Sirigu and
Montaldo, 2022). The alteration of land cover due to human activity was
mainly by fires, which is a typical concern in the Mediterranean area
(Fernandes, 2013; Verkaik et al., 2013).

A typical Mediterranean ecosystem in Sardinia (Detto et al., 2006;
Montaldo et al., 2008; Montaldo et al., 2013; Montaldo et al., 2020),
where wild olives and seasonal grass species grow on a thin surface soil
layer overlaying a fractured rock sublayer, was investigated. A long-
term database of micrometeorological, tree transpiration, and soil
water content measurements is available (Montaldo et al. 2021). Our
objectives were: 1) detect trends and changes in the past climate, and
their eventual relationships with the evolution of tree cover spatial
distribution for the typical tree-grass ecosystem; 2) develop and test an
ecohydrological model for long-term predictions able to capture the
evolution of tree cover spatial distribution; and 3) investigate the impact
of past and future climate scenarios on soil water balance and tree hy-
drological sustainability of the Mediterranean ecosystem.

Wild olive is a common Mediterranean species (Lumaret and Ouaz-
zani, 2001; Terral et al., 2004), and like other common Mediterranean
tree species, developed an adaption strategy to droughts. Despite their
strong resistance to droughts, we investigated the wild olive resilience to
future climate scenarios and its hydrologic sustainability in the
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Mediterranean environment.

2. Methods

2.1. The ecohydrological model

The ecohydrological model of Montaldo et al. (2008) and Montaldo
and Oren (2022) is based principally on coupling a land surface model,
which predicts the soil water balance and the energy balance among the
soil, vegetation, and atmosphere, and a vegetation dynamic model
(Cayrol et al., 2000; Nouvellon et al., 2000; Montaldo et al., 2005;
Fig. 1). The model distinguishes three land cover components: tree,
grass, and bare soil. The purpose of model coupling is to obtain grass and
tree leaf area index (LAI) dynamics at daily resolution from the VDM to
use as input, based on which the LSM computes energy and water par-
titioning between soil and vegetation on a half-hourly time scale. Details
of the existingmodel are in Montaldo et al. (2005, 2008), Montaldo et al.
(2013) and Montaldo and Oren (2022). We updated the VDM for pre-
dicting the long-term evolution of the fraction of tree cover. Model
meteorological inputs are precipitation, air temperature, wind velocity,
incoming shortwave radiation, air relative humidity, and photosyn-
thetically active radiation (Fig. 1), and the parameters are defined in
Table 1.

2.1.1. The land surface model
The soil water balance includes a surface soil layer [predicted using

the force-restore approach of Noilhan and Planton (1989), as revised by
Montaldo and Albertson (2001)], a first root zone soil layer, and a
fractured rock sublayer extending to the depth of sinker tree roots
(Montaldo and Oren, 2022). The root zone supplies the bare soil and
vegetation with soil moisture for evapotranspiration and controls the
infiltration and runoff mechanisms, through:

dθsl
dt

=
1
dsl

[
I − fbsEbs − ftξtEt,rh − fv,gξg,rhEg,rh − fv,g

(
1

− ξg,rh
)
Eg,nrh − Ew − Dr − HR

]
, (1)

where θsl is soil moisture of the surface layer, dsl is the depth of the
surface root zone soil layer, I is infiltration rate, Dr is the rate of drainage
out of the bottom of the surface root zone,HR is hydraulic redistribution,
represented as a vertical flux through tree roots between the underlying
substrate and the surface soil layer (positive when downward), Ebs is
bare soil evaporation, Et,rh is tree transpiration from the surface layer,
partially controlled by the moisture in the rhizosphere volume of the
surface soil layer (θrh), Et,fr is tree transpiration from the fractured rock
layer, Eg,rh and Eg,nrh are the rates of grass transpiration with roots par-
titioned between the rhizosphere of tree root and the rest of the surface
soil layer, respectively, through ξg,rh, the fraction of grass root water
uptake from the rhizosphere volume of tree roots, Ew is wet canopy
evaporation, ft is the fraction of tree cover, fv,g is the fraction of grass
cover, and fbs (=1 − ft − fv,g) is the fraction of bare soil. The soil moisture
of the underlying fractured rock layer (θfr) is predicted by:

dθfr
dt

=
1
dfr

[
Dr − ft(1 − ξt)Et,fr +HR − Le

]
, (2)

where dfr is the depth of the underlying fractured rock layer, Le is the
leakage below the tips of sinker roots in the rock sublayer, and ξt is the
fraction of tree root water uptake from the surface soil layer. The θrh is
predicted from the soil water balance of the rhizosphere:

dθrh
dt

=
1
dsl

(I − Dr) −
1
drh

(
ftξtEt,rh+ fv,gξg,rhEg,rh +HR

)
(3)

where drh is the depth of the rhizospheres in the dsl soil depth.
Both Dr and Le are estimated using the unit head gradient assumption

(Albertson and Kiely, 2001), so that a gravitational drainage is predicted

Fig. 1. The proposed ecohydrological model structure with the three main components, soil water balance, energy balance and vegetation dynamic (LAI: leaf area
index; Rswin: shortwave incoming radiation; Rh: relative humidity; u: wind velocity; Ta: air temperature; PAR: photosynthetically active radiation).
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from the surficial root zone layer and the deep fractured rock layer
below the tips of the sinker roots, defining the maximum depth of the
physiologically relevant rock strata (Table 2). Montaldo and Oren
(2022) included HR (Table 2), which can be both downward and upward
depending on the soil water potential gradient between the surface and
deep layers.

Infiltration is estimated using an infiltration excess mechanism
(Montaldo et al., 2008) based on the Philip’s infiltration equation
(Philip, 1957). In the unsaturated soil the Clapp and Hornberger (1978)
relationships are used to describe the non-linear dependencies of volu-
metric soil moisture and hydraulic conductivity (k) on the matric po-
tential (ψ). The evapotranspiration, ET, is given by the sum of the four
evapotranspiration components, bare soil evaporation, tree transpira-
tion (which is given by the sum of Et,rh and Et,fr), grass transpiration
(which is given by the sum of Eg,rh and Eg,nrh), and wet canopy evapo-
ration. As in the original Noilhan and Planton (1989) model, the
throughfall rate is modeled through a balance equation of the inter-
cepted water by the canopy reservoir (its capacity is a function of the
LAI), which produces throughfall when the reservoir is saturated. Ewwas
set to the rainfall interception (Noilhan and Planton, 1989). Et,rh, Et,fr, Eg,
rh, and Eg,nrh are estimated based on the Penman-Monteith equation
(Brutsaert, 1982; Montaldo et al., 2008) for each plant functional type
(PFT, e.g., tree and grass). The canopy resistance, rc, accounting for
environmental stresses, is estimated following Montaldo et al. (2008) for
each PFT, using a typical Jarvis (1976) approach (Table 2).

The aerodynamic resistances are estimated as a function of wind
velocity through the transfer coefficient for water vapor, CE (Garratt,
1999), according to the Monin-Obukhov similarity theory. CE and the
heat transfer coefficient (CH, used in sensible heat flux estimates) ac-
count for atmosphere stability (Garratt, 1999), with the flux profile
functions for stable and unstable conditions (Garratt, 1999; Montaldo
et al., 2008).

Finally, the actual rate of bare soil evaporation is determined as a
function of the potential evaporation through a α(θsl) rate-limiting
function (Parlange et al., 1999; Montaldo et al., 2008).

The state of the surface temperature is estimated through the force-
restore method (Noilhan and Planton, 1989; Montaldo and Albertson,
2001). Equations for surface temperature and three components (sen-
sible heat flux, H, soil heat flux, G, and the net radiation, Rn) of the
energy balance are the same as Noilhan and Planton (1989) and are
reported in Table 2. They are applied separately for each land cover
component (i.e., seasonal grass patches, evergreen tree clumps, and bare
soil), so that the model predicts the energy balance distinctly for each
land cover component.

2.1.2. The vegetation dynamic model
The VDM computes change in biomass over time from the difference

between the rates of biomass production (photosynthesis) and loss, such
as occur through respiration and senescence (e.g., Larcher, 1995; Cayrol
et al., 2000). The VDM distinguishes woody vegetation (WV) and grass
components and is derived by Montaldo et al. (2005, 2008) from the
Nouvellon et al. (2000) model.

In the VDM of WV, four separate biomass states (compartments) are
tracked (green leaves, stems, living roots, and standing dead), while the
VDM of grass cover distinguishes only three of these biomass compart-
ments: green leaves (Bl), roots, and senesced aboveground components.
The biomass [g DM m− 2] components are simulated using the approach
of Montaldo et al. (2005), which consists of a balance between biomass
production (related to photosynthesis for green leaf, stem and root
biomass) and biomass destruction (respiration and senescence for green
leaf, stem and root biomass), through ordinary differential equations,
integrated numerically at a daily time step (Montaldo et al., 2008). The
model equations are given in Table 3 and the parameters are presented
in Table 1.

The key term of the VDM, photosynthesis, Pg, is computed using the
approach of Montaldo et al. (2005), which includes canopy resistance,

Table 1
Model parameters (VDM-LSM model) for the Orroli site.

Parameter Description Value

grass WV

LSM-VDM parameters
rs,min [s m− 1] minimum stomatal resistance 80 500
Tmin [◦K] minimum temperature 272.15 268.15
Topt [◦K] optimal temperature 295.15 278.15
Tmax [◦K] maximum temperature 313.15 318.15
θlim,sl [–] limiting soil moisture for vegetation in the

bulk surface soil layer
0.18 0.18

θwp,rh [–] wilting point in the rhizosphere volume 0.12 0.13
θlim,rh [–] limiting soil moisture for vegetation in the

rhizosphere volume
0.19 0.19

ω [KPa− 1] slope of the f3 relation 0.6 0.6
θwp,fr [–] wilting point in the underlying fracture rock

layer
0.08

θlim,fr [–] limiting soil moisture for vegetation in the
underlying fracture rock layer

0.18

ξg,rh fraction of grass root water uptake in the
tree root rhizosphere

0.1

ξt fraction of tree root water uptake from the
surface soil layer

0.8

Only VDM parameters
cl [m2 gDM− 1] Specific leaf areas of the green biomass in

growing season
0.01 0.005

cd [m2 gDM− 1] Specific leaf areas of the dead biomass 0.001 0.005
ke [–] PAR extinction coefficient 0.5 0.5
ξa [–] Parameter controlling allocation to leaves 0.6 0.55
ξs [–] Parameter controlling allocation to stem 0.1 0.1
ξr [–] Parameter controlling allocation to roots 0.4 0.35
Ω [–] Allocation parameter 0.8 0.8
ma [d− 1] Maintenance respiration coefficients for

aboveground biomass
0.032 0.0019

ga [–] Growth respiration coefficients for
aboveground biomass

0.32 0.76

mr [d− 1] maintenance respiration coefficients for
root biomass

0.007 0.002

gr [–] growth respiration coefficients for root
biomass

0.1 0.1

Q10 [–] Temperature coefficient in the respiration
process

2.5 1.5

da [d− 1] death rate of aboveground biomass 0.023 0.0045
dr [d− 1] death rate of root biomass 0.005 0.005
ka [d− 1] rate of standing biomass pushed down 0.01 0.35

Only LSM parameters
zom,v [m] Vegetation momentum roughness length 0.05 0.5
zov,v [m] Vegetation water vapor roughness length zom/

7.4
zom/
2.5

zom,bs [m] Bare soil momentum roughness length 0.015
zov,bs [m] Bare soil water vapor roughness length zom/10
θs [–] saturated soil moisture 0.53
b [–] slope of the retention curve 4
ks,sl [m/s] saturated hydraulic conductivity in the

surficial root zone
5 × 10− 6

∣ψs∣ [m] air entry suction head 0.70
ks,fr [m/s] saturated hydraulic conductivity in the

active fractured rock
5 × 10− 4

brh [–] slope of the retention curve in the tree root
rhizosphere

5

Crmax [mm/
MPa/h]

maximum root hydraulic conductance of
the active root system

1.5 × 10− 6

ςR Empirical parameter in the hydraulic
redistribution equation

2

drh [m] depth of the tree root rhizosphere in the
surficial root zone

0.014

dsl [m] Surficial root zone depth 0.15
dfr [m] Root zone depth of the active fractured rock 2
Ca [m2] Crown area 4
km1 Empirical parameter of the growth

efficiency of (10)
0.29

km2 Empirical parameters of the growth
efficiency of (10)

0.02
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Table 2
Equations of the land surface model (LSM) for drainage (Dr), leakage from the fractured rock sublayer below a plane marking the depth of sinker root (Le), hydraulic
redistribution (HR), sensible heat flux (H), net radiation (Rn), soil heat flux (G), surface temperature (Ts), and canopy resistance (rc). Parameters are defined in Table 1.

Equations

Drainage

Dr = ks,sl
(

θsl
θs

)2b+3

Le = ks,fr
(

θfr
θs

)2b+3

Hydraulic redistribution
HR = ReCrmax

(
ψ fr − ψrh

)
fv,tDtran

with Re =
1

1+
max

(
ψ fr,ψrh

)ζR

ψ50
Canopy resistance

rc =
rs,min

LAI
[
f1(θ)f2(Ta)f3(VPD)f4(Rswin)

]− 1

where rs,min is the minimum stomatal resistance

f1(θ) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0
θ − θwp

θlim − θwp
1

ifθ ≤ θwp
ifθwp < θ < θlim
ifθ ≥ θlim

f2(Ta) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 for Ta⩽Ta,min and Ta > Ta,max

1 −
Ta,opt − Ta
Ta,opt − Ta,min

for Ta,min < Ta < Ta,opt

1 for Ta,opt⩽Ta⩽Ta,max
f3 (VPD) = 1 − ω log(VPD)

f4(Rswin) =
Rswin

(
1000+ kp

)

1000
(
Rswin + kp

)

where Rswin is the shortwave incoming radiation and kp equals 1 W/m2 (Li et al., 2013)
Sensible heat flux
H = ρacpCHu(Ts − Ta),
with CH the heat transfer coefficient
Net radiation
Rn = Rswin(1 − α) + ε

(
Rlwin − σT4s

)
,

with Rswin, and longwave incoming ration, Rlwin, estimated based on equation 6.10 of Brutsaert (1982), α albedo, ε emissivity and σ the Stefan-Boltzmann constant
Soil heat flux
G = Rn-H-LE
Surface temperature
dTs
dt

= CTG −
2π
τ (Ts − Ta),

with T2 the mean Ts value over one day τ, and CT the soil thermal coefficient
dT2
dt

=
1
τ (Ts − T2)

Table 3
Equations of the vegetation dynamic model components.

Ecophysiological term Equations

Biomass budget dBl
dt

= aaPg − Rg − Sg
dBs
dt

= asPg − Rs − Ss
dBr
dt

= arPg − Rr − Sr
dBd
dt

= Sg − La
Photosynthesis Pg = εP(PAR)fPARPAR

1.37ra + 1.6rc,min
1.37ra + 1.6rc

εP(PAR) = a0 + a1PAR + a2PAR2

fPAR = 1 − e− keLAI

Allocation For the tree cover:

aa =
ξa

1+ Ω[2 − λ − f1(θ) ]

as =
ξs + Ω(1 − λ)

1+ Ω[2 − λ − f1(θ) ]

ar =
ξr + Ω(1 − f1(θ) )

1+ Ω[2 − λ − f1(θ) ]
ξa + ξs + ξr = 1;λ = e− keLAI

For grass cover:

aa =
ξa + Ωλ

1+ Ω[1+ λ − f1(θ) ]

ar =
ξr + Ω(1 − f1(θ) )

1+ Ω[1+ λ − f1(θ) ]
ξa + ξr = 1

Respiration
Rl = maf4(T)Bl +gaaaPgRs = msf4(T)Bl +gsasPgRr = mrf4(T)Br +grarPgf4(T) = Q

Tm
10
10 with Tm = mean daily temperature

Senescence Sl = daBlSs = dsBsSr = drBr
Litterfall La = kaBd

N. Montaldo and R. Corona
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linking Pg to soil moisture. Hence, Pg accounts for the contributions of
two water sources, the surface root zone and the fractured-rock sublayer
down to the reach of tree roots.

The leaf area index is estimated from tree biomass by a linear rela-
tionship (Hanson et al., 1988; Nouvellon et al., 2000; Arora, 2003;
Montaldo et al., 2005):

LAI = clBl (4)

where cl is the specific leaf area of the green biomass.
In this updated version of the model, we included the modeling of the

fraction of tree cover dynamics yearly. We related the fraction of indi-
vidual tree cover to tree LAI (LAIt,ind) through a typical Lambert-Beer law
(Sitch et al., 2003):

ft,ind = 1 − e− 0.5LAIt,ind (5)

The reference spatial domain is treated as a mosaic divided into
fractional coverages of tree, grass, and bare soil. The overall fraction of
tree cover (ft) in the reference spatial domain is obtained from the
average individual fraction of tree cover with the crown area (Ca) and
the population density (PD) through (Sitch et al., 2003):

ft = CaPDft,ind (6)

The population density evolves at a yearly time scale (Sitch et al.,
2003), through:

dPD
dt

= est − mortPD (7)

where est is the establishment of new tree individuals each year, avail-
able space permitting, and mort is yearly tree mortality. The establish-
ment is given by:

est = 0.5
[
e− 7(1− ft,ind)

](
1 − ft,ind

)
(8)

The mortality is due to low growth efficiency (mortge) and heat stress
(morth) (Sitch et al., 2003; Levis and Bonan, 2004):

mort = mortge+morth (9)

mortge =
km1

1+ km2geff
(10)

morth =
GDD23◦C
300

(11)

where km1 and km2 are two parameters of growth efficiency, geff is the
growth efficiency, GDD23◦C is the annual growing degree days above
23 ◦C, and 0 ≤ mort ≤ 1. Background mortality is estimated by the year
growth efficiency as the ratio of the year’s biomass increment to leaf
area (Sitch et al., 2003; Levis and Bonan, 2004):

geff =
ΔBl
Blcl

(12)

GDD23◦C is estimated using the 10-day running mean of the air
temperature (T10d) (Sitch et al., 2003; Levis and Bonan, 2004) as the
annual accumulated sum of T10d above a tree specific temperature of
23 ◦C:

GDD23◦C =
∑

d
(T10d − 23) (13)

Note that we are not considering fire occurrence and effects on
mortality in this analysis.

The VDM provides estimates of daily values of leaf biomass and, thus,
LAI of trees and grasses, and yearly values of ft in turn used by the LSM to
estimate evapotranspiration, energy flux, rainfall interception, and soil
water content at a half-hour time step. The LSM provides soil moisture
and aerodynamic resistances to the VDM.

2.2. The Sardinia case study and the hydrologic database

The Orroli field site is located in east-central Sardinia (39◦ 41′12. 57″
N, 9◦ 16′ 30. 34″ E, 500 m a. s. L.; details in Detto et al., 2006; Montaldo
et al., 2008; Montaldo et al., 2013; Montaldo et al., 2020), where an
eddy covariance-based micrometeorological tower was installed in May
2003. The landscape is a patchy mixture of primarily wild-olive tree
clumps forming canopy cover over ~33 % of the tower footprint area,
~1.5 km2 on a gently sloping (~3◦ from NW to SE) plateau, while inter-
clump zones are covered by herbaceous and grass species during high
moisture periods, becoming dry bare soil surface during the rainless
summer months. The dominant trees species is wild olive in patches
ranging in height from 3.5 to 4.5 m.

The climate at the flux site is maritime Mediterranean, with a mean
annual precipitation (1922–2022) of 686 mm (historical precipitation
data from a nearby station at 4 km). Mean annual air temperature (Ta) is
15.3 ◦C, with mean July Ta of 24.5 ◦C. The soil ranges from 0 to 50 cm in
depth, averaging 17 cm ± 6 cm (standard deviation, SD) above a frac-
tured basalt, thus quickly plunging into water-limited conditions during
the rainless summer (Detto et al., 2006; Montaldo et al., 2008). The soil
is silt loam (19 % sand, 76 % silt, 5 % clay) with a bulk density of 1.38 g/
cm3, and a porosity of 53 %.

2.2.1. Land surface flux data
Extended monitoring was carried out from May 2003 to April 2023,

during which micrometeorological, soil moisture, and vegetation dy-
namics measurements were conducted. Three-dimensional time series
sampling of wind velocity, temperature, and CO2 and water vapor
concentration at 10 Hz were averaged over 30 min intervals. These data
were used to estimate ET and sensible heat flux based on the standard
eddy-covariance method (Baldocchi, 2003). The measurements were
made with a Campbell Scientific CSAT-3 tri-axial sonic anemometer, and
a Licor-7500 CO2/H2O infrared gas analyzer, positioned adjacent to
each other at the top of the 10 m tall tower. The effect of the gentle slope
of the plateau was removed by utilizing the conventional planar fit
method, and the Webb-Pearman-Leuning adjustment was applied (Detto
et al., 2006).

A Vaisala HMP45 sensor was used to measure Ta and relative hu-
midity (Rh). Two infrared transducers, IRTS-P (Apogee Instrument, ac-
curacy of 0.3 ◦C) were used to measure the surface temperature (Ts [◦C])
of the different land cover components. The incoming and outgoing
shortwave and longwave radiation components, were measured with a
CNR-1 (Kipp & Zonen) integral radiometer with a hemispherical field of
view, positioned at 10 m. The photosynthetically active radiation (PAR
[mmol m− 2 d− 1]) was measured with a LI-190 Quantum Sensor (Licor).
Soil heat flux was measured at two different locations close to the tower,
one in an open patch (4 m from the tower) and one under a canopy of
wild olive trees (5.5 m from the tower), with thermopile plates, HFT3
(REBS), buried at 8 cm below the soil surface. Seven frequency domain
reflectometer probes (FDR, Campbell Scientific Model CS-616) esti-
mated soil moisture (Montaldo et al., 2008). Sap flow was monitored
using Granier-type heat dissipation sensors (Granier, 1987; Montaldo
and Oren, 2022), and data were stored on three CR3000 dataloggers
(Campbell Scientific, Logan, UT, USA) at a 30 min time resolution. Sap
flux was measured from September 2011 to August 2018, and from July
2021 to September 2021. LAI was measured indirectly through a cep-
tometer (Accupar model PAR-80, Decagon Devices Inc., Washington
USA). LAI measurements were performed mainly during the grass
growth season (Montaldo et al., 2008). Finally, specific leaf areas (LAI
divided by dry biomass) of predominant grass (=0.01 m2 gDM− 1) and
woody vegetation (=0.005 m2 gDM− 1) species were measured directly
(by weighing the dry biomass).

For a historical meteorological analysis, daily precipitation from
1922 was available from two nearby rain-gauge stations, Nurri and
Villanova Tulo (located < 10 km from the eddy covariance tower, al-
ways in the Sarcidano area). We considered mean precipitations of the
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two stations, which are correlated with the precipitation (P) at the Orroli
station during the overlapping period of operation (correlation coeffi-
cient 0.90, p < 0.001; slope of 1.08 and intercept of 0.41 mm/d of the
linear interpolation with Orroli P). Historical daily air temperatures
from 1925 were also available from another nearby station, Mandas
(~12 km from the eddy covariance station; correlation coefficient of
0.97, p < 0.01, slope of 0.91, and intercept of 2.24 ◦C of the linear
interpolation with Orroli Ta). Historical data of relative humidity, wind
velocity and incoming solar radiation were collected from ERA5 Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF) atmo-
spheric reanalysis datasets (Hersbach et al., 2018; 2020). We used data
from 1983, which were successfully validated using 13 years of data of
wind velocity at the Orroli station (RMSE= 1m/s), 13 years of incoming
solar radiation data at the Orroli station (RMSE= 35W/m2), and 5 years
of data of relative humidity at the Orroli station (RMSE = 10 %).

2.2.2. Remote sensing data
A total of 628 remote sensing images were acquired (see Fig. 2) for

the 1983–2022 period, from which NDVI was derived at a 30 m spatial
resolution. Images from Landsat 5 and 8 were used. For Landsat 5 and 8
the L1TP product was used (it is radiometrically calibrated and orthor-
ectified using ground control points and a digital elevation model to
correct for terrain and view angles). The relationship between NDVI and
LAI was estimated using simultaneous NDVI data from remote sensors
and LAI observations in the field (a total of 37 simultaneous days)
(LAI = β1 + β2NDVIβ3 , with β1 = − 0.435, β2 = 1.014 and β3 = 0.4029
for grass in the fall-winter period, β1 = − 0.141, β2 = 1.720 and β3 =

1.674 for grass in the spring-summer period, β1 = 0, β2 = 5.392, and β3
= 0.486 for trees).

Furthermore, the aerial photography of 1954, 1978, 2006, 2010,
2013, and 2016 years was available and acquired from the Sardinian
Regional photography archive.

A relationship between ft and NDVI in the field was also estimated
using simultaneous NDVI data from remote sensors and ft estimates from
the aerial photography (opportunely classified and processed, and using
only data from July and August, when trees are the only vegetation
components that survive the dry conditions of the summer season at the
Orroli site; ft = − 0.007579NDVI− 2.13 + 0.3313, rmse = 0.014).

2.3. Future climate scenarios

For future climate scenarios, we considered the IPCC scenarios in the
Sixth Assessment report (Swart et al., 2019). We selected eleven Global
Climate Models (GCMs) for future scenarios of high, mid and low
emissions (CNRM-CM6-1-ssp-245, CNRM-CM6-1-ssp-585, EC-Earth3-
CC-585, EC-Earth-AerChem-370, Hadgem3-ll-126, Hadgem3-ll-245,
Hadgem3-ll-585, Hadgem3-mm 585, Mpi-esm1-2lr-sf-126, Mpi-esm1-
2r-sf370, Mpi-esm1-2r-sf585) that provide complete datasets of precip-
itation, relative humidity, wind velocity and incoming solar radiation.

Future climate scenarios are generated up to 2100 for the Orroli site
from the eleven GCM predictions through the multivariate bias correc-
tion technique (Cannon, 2018), which uses the land-observed meteo-
rological data of the past to estimate the required statistics. The
reference period is from 2000 to 2014. The multivariate bias correction
technique uses an iterative algorithm that consists of three main steps: 1)
constructing an uniformly distributed random orthogonal rotation ma-
trix and applying that to the land-observed meteorological target data
and to the GCMmeteorological source data of the past, 2) correcting the

Fig. 2. a) Four historical aerial photographs (in red inside the photograph the position of the tower, and on the top right the estimated fraction of tree cover, ft),
compared with b) the historical evolution of the NDVI at the Orroli site (the positive trend line is in red dashed, Mann Kendal τ of 0.3 and p < 0.001, the β slope of the
trend line is 0.01/y; the black dotted line represents the constant mean annual NDVI value in last 15 years). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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marginal distributions of the rotated source data by using an empirical
quintile map, and 3) applying the inverse rotation to the resulting data.
These steps are repeated until the multivariate distribution converges to
the target distribution. The multivariate bias correction allowed us to
statistically downscale GCM data at the resolution of 1.25◦ latitude and
1.87◦ longitude (~150 km) at the Orroli site.

2.4. Comparisons and statistical data analysis

Data were analyzed at hourly, daily, monthly, seasonal and yearly
time scales. For annual computations, we used the hydrologic year
beginning in Sardinia in September, the end of a typical dry summer
(Montaldo and Sarigu, 2017). An index of wetness (P/PE, precipitation/
potential evaporation) was used to distinguish seasonal meteorological
conditions.

Trends of hydrological data (e.g., precipitation and air temperature)
were computed using the Mann-Kendall non-parametric test (Kendall,
1938; Sneyers, 1990; Helsel et al., 2020). The Mann-Kendall τ measures
the monotonic relationship between two variables, and it is less sensitive
to outliers and missing data values. The Theil-Sen slope method was
used to estimate the slope linear trends (Theil, 1950; Sen, 1968).
Generally, this estimator is frequently applied in climatology and for the
analysis of the hydrometeorological time series (Hirsch et al., 1982;
Mohsin and Gough, 2010; Hu et al., 2012; Amirabadizadeh et al., 2015)
to define the rate of change, β. The Theil-Sen method and the Mann-
Kendall test are strongly connected, with the β slope estimator related
to the Mann-Kendall τ test statistic (Montaldo and Sarigu, 2017).

Model goodness-of-fit was evaluated by comparing the model results
with observations and using the following statistics: mean (μ), standard
deviation (SD), mean error, root mean square error (rmse), the coeffi-
cient of determination (R2). ratio of the sums, and mean ratio (Rμ). A
sensitivity analysis of model response to parameter values was also
performed, assigning a range of realistic values to each parameter to

represent the uncertainty of parameter estimates.

3. Results

3.1. Historical data analysis

The availability of historical aerial photography images of the
investigated area from 1954 allowed us to evaluate the interesting
evolution of land cover (Fig. 2). The spatial distribution of trees in the
ecosystem almost 70 years ago was similar with the most recent (Fig. 2),
with a ft of about 0.31 in 1954, and 0.33 in 2006 and 2016. Instead, the
aerial photography image of 1978 indicates that tree cover reduced
drastically (ft of about 0.13), due to a human-induced fire in the early
seventies. NDVI data, available from the early eighties, showed that tree
cover regrew, and the ecosystem naturally responded to the fire
disturbance, with a systematic increase of NVDI up to the 2000s (Mann
Kendall τ of 0.30, p < 0.001) when the vegetation reached almost
asymptotically an equilibrium constant value of NDVI of on average
≈0.6 (ranging from 0.4 to 0.8, due to seasonal vegetation growth).

Despite the interannual variability of yearly precipitation from 1922,
a significant negative trend (Mann Kendall τ of − 0.17, p = 0.01) was
detected, amplified when looking at winter precipitation (Mann Kendall
τ of − 0.20, p = 0.001; Fig. 3a). At the same time a positive trend of the
mean yearly air temperature (Mann Kendall τ of 0.33, p < 0.001) from
1925 (Fig. 3b), shows the warming conditions in the last century
(~+2 ◦C). Focusing to the last 4 decades (when NDVI data are also
available; Fig. 2), the trend of winter precipitation is not statistically
significant, while the trend of yearly air temperature is still significantly
positive (Mann Kendall τ of 0.30 and p < 0.001; Fig. 3).

3.2. Model calibration and validation

The proposed model correctly predicted soil moisture (rmse = 0.06,

Fig. 3. Historical a) winter precipitation (Pw) and b) annual air temperature (Ta) data, with trend lines of the whole database (black dashed lines) and last 40 years
(red dashed lines). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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R2= 0.78 for the 2003–2013 calibration period, and rmse= 0.06 and R2

= 0.74 for the 2014–2022 validation period; Fig. 4a), and evapotrans-
piration fluxes [rmse = 0.77 mm/d, ratio of the sums = 0.85 (R2 = 0.6
and R2 = 0.73 for the spring and winter season, respectively) for the
2003–2013 calibration period, and rmse= 0.60 mm/d, ratio of the sums
= 0.9, (R2 = 0.85 and R2 = 0.83 for spring and winter season, respec-
tively) for the 2014–2022 validation period; Fig. 4b). Predicted
ecosystem ET increased up to the first 2000s, when it reached more
constant values (mean ET of 0.85 mm/d for the 1984–1994 period,
mean ET of 1 mm/d for the 2003–2013 period, and mean ET of 0.97
mm/d for the 2013–2023 period). The model correctly predicted tree
transpiration flux (rmse = 0.29 mm/d; ratio of the sums = 0.88) when
compared with tree transpiration estimated from sap flux sensors. The
model correctly predicted the increasing trend of ft from 1983 (Fig. 5a),
which stabilized to values of around 0.3–0.35 at the end of the 1990s.
The proposed model for ft predictions [using (6)] was able to represent
the increase in tree cover spatial distribution starting from values close
to 0.15 in 1983, and reaching its stable conditions with values of ft
around 0.33 in the early 2000s (Fig. 5a), close to those derived from
Landsat data (rmse = 0.03, ratio of sums = 0.99, R2 = 0.8 for the
1984–1997 calibration period, and rmse = 0.02, ratio of sums = 0.97, R
2 = 0.85 for the 2014–2022 validation period). LAI of tree and grass
were also correctly predicted, compared to both tree and grass LAI ob-
servations by field data (rmse = 0.25, R2 = 0.6 and rmse = 0.21 R2 =

0.69 for tree and grass species, respectively). We also compared pre-
dicted LAI with LAI estimates from Landsat data for the whole period
confirming the high performance of the model (rmse = 0.41 for the
1984–1997 calibration period, and rmse = 0.25 for the 2016–2022
validation period, R2 = 0.66 and p< 0.01 for the whole period, Fig. 5b).
Hydraulic lift was predicted to occur mainly in spring and summer,
reaching 0.7–1.0 mm/d in June, from the early 2000s, while it was much
lower in the first decade due the low ft (Fig. 4b).

To verify the robustness of the proposed approach for predicting long
term ft dynamics we tested the model with intentionally different initial
conditions of ft,ind and ft,in comparison with those actually observed: i)
equal to the respective values reached in the stable conditions (ft,ind =
0.85, and ft = 0.33), and ii) higher than the actual initial conditions
(ft,ind = 0.90 and ft= 0.60; Fig. 5). In both cases ft (and ft,ind) converged at
the end of the 1990s and remained stable and close (≈0.33) to those

obtained using the actual initial values, confirming the robustness of the
approach (Fig. 5a).

Finally, for evaluating the relative importance of the different pa-
rameters for the site, we performed a sensitivity analysis of model
response to parameter values (Table 4). A range of realistic values was
assigned to each parameter to represent the uncertainty of parameter
estimates or measurements (3rd and 9th columns of Table 4). We
evaluated the sensitivity of tree and grass biomass, ft and ET predictions
to model parameters. Model responses are sensitive to several grass and
tree parameters. Grass and tree biomass predictions are sensitive to most
of the corresponding parameters (Table 4). However, grass biomass
predictions are sensitive not only to most of the grass parameters (except
to rs,min, Tmax, θwp,sl, θlim,sl) but also to some tree parameters (cd, ma, ga
and da), highlighting the strong interaction between grass and tree.

3.3. Future climate change scenarios

All eleven GCMs predicted future climate change scenarios with
increasing air temperature and VPD and decreasing precipitation across
the scenario reference periods at the Orroli site, although with different
magnitudes (Fig. 6). The worst future climate changes are predicted in
the 2076–2100 period, with a decrease of precipitation on average of
about 22 % (up to 44 % using EC-Earth3-CC-585), and an increase in air
temperature on average of 4.3◦ C (up to 10.2 ◦C using CNRM-CM6-1-ssp-
585) (Fig. 6). The predicted future increase of air temperature produced
an increase of VPD, on average of about 41 % for the 2076–2100 period
(up to 75 % using CNRM-CM6-1-ssp-585) (Fig. 6). Lower rises of air
temperature (=0.8 ◦C and 2.3 ◦C) are predicted using Mpi-esm1-2r-
sf126 and Mpi-esm1-2r-sf370 (Fig. 6).

Future climate conditions are used for predictions of the proposed
ecohydrologic model. Note that the model results took account of the
effect of the increase of CO2 concentration on plant physiology and
biomass production for the future scenarios. In the future scenarios the
predicted potential photosynthesis, which is not limited by soil moisture
and vapor pressure deficit conditions and directly related to the
incoming solar radiation and air temperature conditions, increased 15
%–42 % (mean 24 %) when compared to the historical period, with a
positive trend (Mann-Kendall τ of 0.19, p < 0.01). The increase of po-
tential photosynthesis is mainly due to the increase of air temperature,

Fig. 4. Observations and model predictions of (a) the soil moisture of the soil layer (θsl), and b) daily evapotranspiration (ET), and estimated hydraulic redistribution
(HR). Negative values of HR represent hydraulic lift while positive values represent hydraulic descent.
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which positive trend (Mann Kendall τ of 0.20, p < 0.001) is similar to
that of the potential photosynthesis. Using the EC-Earth3-CC-585 model
future climate scenarios, which predicted one of the driest scenarios, the
site trees could not survive in the future (Fig. 7), because LAIt decreased
constantly over time; it started from ~4 in 2024, decreased to 2.2 after
just 20 years, and further decreased up to 1.4 at the end of the century
(Fig. 7). The fraction of tree cover decreased up to 0.3 after 20 years and
0.1 at the end of the century (Fig. 7). Similar decreases are predicted for
LAIt using all the GCM future scenarios, although with a variability of
LAIt at the end of the simulation period (SD = 0.56), ranging from 1.34
(for the Hadgem3_mm585 model) to 3.01 (for the mpi_esm1_2r_sf126
model). On average, at the end of the century LAIt is predicted at about 2
and ft at about 0.11 considering all the eleven future scenarios, and LAIt
is predicted at about 1.71 and ft at about 0.11 for future scenarios of only
high and mid emissions. The average LAIt is predicted to decrease by 46
% when comparing the 2076–2100 period with the historical
2012–2023 period. Considering the 2076–2100 period and future sce-
narios of high and mid emissions (Table 5), we predicted a strong
decrease of infiltration (in average, − 25.6 %), which impacts on
evapotranspiration (− 11.2 %) and tree transpiration in particular
(− 56.8 %). Interestingly, grass LAI is also predicted to decrease (− 26.6
%, Table 5).

Using all eleven GCM predictions, the decrease of tree LAI is strongly
related to the decrease of the index of wetness [ΔLAIt = (− 4.316 ΔP/
PE− 63.12)/(ΔP/PE − 21.23), R2 = 0.90, p < 0.001, Fig. 8.a], which is
predicted to decrease up to almost − 70 % in the 2076–2100 period
producing a decrease of about 2.5 of LAIt. Using all eleven GCM pre-
dictions, the index of wetness decreased for increasing time horizon, and
LAIt systematically decreased (Fig. 8.a).

Considering the worst 25-year future scenario (the 2076–2100
period), HR contributed a larger fraction of tree transpiration seasonally
in spring and summer [winter and autumn HR contribution were typi-
cally small (Montaldo and Oren, 2022)], increasing with decreasing P/
PE [HR/Et = − 0.9816P/PE0.4952 + 0.968, R2 = 0.81, p < 0.0001; Fig. 8.
b], becoming particularly high in dry summers (PE/P < 0.02) in which
HR was 80–90 % of Et (Fig. 8.b). While HR contributed to a seasonal Et of

64 % on average for the 2076–2100 period, the contribution was lower
in the past monitored period (on average 53 % for the 2003–2023
period). HR contribution to annual Et was on average 51 %, reaching up
to 60 %.

4. Discussion

The attractive long length of the proposed ecohydrological database
allowed us to investigate climate and land cover change effects on the
Sardinian tree-grass ecosystem. Few large ecohydrological databases
with eddy covariance-based data are available, mainly of grass ecosys-
tems, with data from last 20 years (Pang et al., 2021; Yang and Lei, 2022;
Zheng et al., 2023). One of the few with a tree-grass ecosystem was in
Northern California, where Baldocchi et al. (2021) investigated the
annual variability of climate conditions in an oak Savanna ecosystem,
characterized by aMediterranean climate similar to that of the Sardinian
ecosystem, using eddy covariance data of almost 20 years. However, the
ecosystem was in vegetation stable conditions with the fraction of tree
cover not evolving over time. Instead, in the Sardinian case study, the
proposed database was longer, and the climate and land cover condi-
tions evolved over the years, making the proposed database very
attractive for climate change studies. Although a human-induced fire
reset the initial tree cover conditions around 50 years ago, the ecosystem
answered naturally and reestablished the equilibrium conditions, almost
reaching a constant fraction of tree cover (around 0.33), which was
already typical of the ecosystem 70 years ago (Fig. 2). The availability of
a such long time series of data of micrometeorological and meteoro-
logical measurements, remote sensing data, and aerial photography
images provided the opportunity to analyze the response of the tree-
grass ecosystem to historical climate and land cover changes. This is a
crucial topic for analyzing the past and being able to predict future
climate change scenarios.

The proposed model was able to reproduce the soil, vegetation and
atmosphere interactions and dynamics, and their long-term evolution. In
this proposed version of the model an update was made to account for
the coarse time scale (i.e., yearly) dynamics of the tree cover fraction in a

Fig. 5. Using the proposed model at the Orroli site: a) comparison of predicted fraction of tree cover (ft) with observations derived from remote sensing data; b)
comparison of predicted and observed (derived from remote sensing data) ecosystem LAI values.
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tree-grass ecosystem. Compared to existing models the proposed model
is still simplified with low parameterization and at the same time it is
able to reproduce both fine ecophysiological processes at a hourly time
scale, like the hydraulic redistribution process and the water uptake of
tree roots from below fractured rock, and more coarse processes at
yearly time scales like tree cover fraction evolution. Indeed, existing
models are more complex, like the global vegetation models (Sitch et al.,
2003; Gerten et al., 2004; Reick et al., 2013; Zhu et al., 2015), where
vegetation dynamics are modeled using more sophisticated and
parameterized approaches and are developed for coarse spatial scales
(Song et al., 2013). The proposed model is still simple for parameteri-
zation and computational burden but captures vegetation and soil in-
teractions at short and long time scales, allowing good performance for
LAI (rmse = 0.21), soil moisture (rmse = 0.06), and evapotranspiration
(rmse = 0.7 mm/d) predictions at a local scale. Although a human-
induced fire reduced the tree cover of the ecosystem around 50 years

ago, the ecosystem restored the tree cover distribution in almost 20
years. The model was able to reproduce this occurrence coarsely, con-
firming its ability and potential for being used in climate change studies.
Other models used a similar approach for long term tree cover evolution
(Sitch et al., 2003; Reick et al., 2013), and have been used for simulating
future climate change scenario impacts on LAI (Heubes et al., 2011;
Hickler et al., 2012; Antúnez et al., 2018), while we validated the pro-
posed approach in detail thanks to the unusual and attractive database,
which included the past human-induced fire event and proved model
ability and performance for long-term predictions. In our model ft
converged at the end of the 1990s close to the values (≈0.33) observed,
and was even insensitive to the initial model conditions, confirming the
robustness of the approach. Note that in our approach we are not
considering fire occurrence and effects on tree mortality to concentrate
the analysis on vegetation and climate relationships, although we
recognize that it is an important natural disturbance at a global scale

Table 4
Results of the sensitivity analysis of evapotranspiration (ET), fraction of tree cover (ft) and grass and woody vegetation (WV) biomass (Bl) to model parameters
(variation range of parameters in the sensitivity analysis and included calibrated value of the parameters) for the Orroli case study. The cells are shaded with gray
intensities to reflect four coarse levels of sensitivity in function of the variation (Δ) of the model output (Δ < 6: insensitivity; 2) 6≤ Δ < 14: weakly sensitivity; 3) 14≤

Δ < 40: sensitivity; 4) Δ ≥ 40: very sensitivity.
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(Sitch et al., 2003), and could be considered in our future research at
larger spatial scales.

Tree and grass interact and compete for water resources in the water-
limited ecosystem. Montaldo et al. (2021) demonstrated that the root
system of the wild olives and the hydraulic redistribution between the
underlying rockymoisture and the surface soil moisture layer sustain the
physiological activity of grass during dry periods at the Orroli tree-grass
ecosystem. In the sensitivity analysis of the model response to parame-
ters, grass biomass predictions were sensitive not only to grass param-
eters but also to tree parameters, highlighting the strong interaction
between grass and tree. Following Montaldo et al. (2021), grass LAI and
ET fluxes were also reevaluated under a hypothetical scenario in which
the pasture grass covers the entire area, and therefore the source of
water from rock moisture was not available. Without the tree compo-
nent, ET is reduced by ~95 % and to ~96 % for the historical and the
future climate scenarios, respectively, and LAIg is reduced by 40 % and
38 % for the for the historical and the future climate scenarios, respec-
tively. Hence, water taken up by tree roots from the rocky substratum
was key to maintaining stomata open, allowing photosynthesis and,
thus, survival and development of not only trees, but also of the seasonal
vegetation in the pasture, likely through hydraulic redistribution.

The Mediterranean ecosystem was affected by a historical decrease
of winter precipitation (from 1922, Mann Kendall τ of − 0.20, p= 0.001;
Fig. 3), which is a key season for the sustainability of the Sardinian water
resources system because typically precipitation is mainly concentrated
in that season producing most of the runoff and groundwater recharge
(Corona et al., 2018; Montaldo and Oren, 2022). Although the drought
conditions were amplified by the increase in air temperature in the last
century (Mann Kendall τ of 0.33, p < 0.001), the tree cover of the
Sardinian ecosystem didn’t yet change, remaining similar to that in
1954 (ft ≈ 0.3–0.35; Fig. 2). The mean annual precipitation (MAP)
decreased (MAP = 692 mm for the 1922–1954 period, and MAP = 633
mm for the 1992–2022 period), but was still above 600 mm, apparently
enough to sustain tree growth, and the tree cover fraction of ≈0.33

(Fig. 9). Indeed, in those conditions the index of wetness was still higher
than 0.02 and on average equal to 0.25 (Fig. 8.b). Drier (on average − 20
%, up to − 42%) and warmer (on average+4 ◦C, up to+10.1 ◦C) climate
conditions are predicted by the recent IPCC climate scenarios oppor-
tunely rescaled for the Sardinian case study (Fig. 6), consistent with
other findings in the Mediterranean area (May, 2008; Ozturk et al.,
2015). Wild olive is a common Mediterranean species (Lumaret and
Ouazzani, 2001; Terral et al., 2004), extended in the Mediterranean area
since the Late Paleogene (Terral et al., 2004). Despite the human-
induced fire of 50 years ago, wild olives regrew thanks to the typical
climate conditions of the Mediterranean site, and they were able to
survive short droughts (e.g., in years 2001, 2012, 2005, and 2017)
thanks to their efficient root system. Wild olives develop an adaptation
strategy to rely on a range of avoidance and tolerance mechanisms that
maintain internal water status and metabolic activity during dry periods
(Connor, 2005; Fernandez et al., 1997; Lo Gullo and Salleo, 1988; Ramos
and Santos, 2009). This strategy consists of the control of transpiration
and water uptake of roots developed in deep soil layers (Nadezhdina
et al., 2015). As is typical in Mediterranean basins, wild olives in the
Sardinian site expanded their roots into the underlying fractured basalt.
In this way, trees can survive dry periods using water infiltrated into
fractured rock during previous wet seasons and held in soil pockets
(Cannon, 1911; Estrada-Medina et al., 2013; Montaldo et al., 2021;
Montaldo and Oren, 2022). Despite their strong resistance to droughts,
the predicted future climate change will decrease precipitation further,
with MAP decreasing below 600 mm, and up to 380 mm in the
2075–2100 scenario (for the EC-Earth3-CC-585 GCM; Fig. 9). At present,
the developed tree cover percentage (~33 %) of the Sardinian site is
sustainable with the historical MAP (>600 mm/y). This is also in
agreement with Yang et al. (2016) and Axelsson and Hanan (2017),
which recently updated Sankaran et al.’s (2005) results and estimated
sustainable woody cover percentages for a large range of MAP in African
and Texan dry ecosystems (Fig. 9). Instead, with the decrease of MAP for
future scenarios, the tree cover fraction will decrease up to less than 10

Fig. 6. For the future scenarios, the predicted changes of precipitation (ΔP), air temperature (ΔTa), and vapor pressure deficit (ΔVPD) at the Orroli case study using
the 11 GCMs respect to the past.
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%. The decrease of ft with the decrease of MAP below 600–650 mm/y is
also in agreement with Yang et al. (2016) and Axelsson and Hanan
(2017), which, however, predicted the MAP and ft relationship using a
spatial analysis on recent data (Fig. 9). In our time scale analysis at the
local spatial scale, we demonstrated that the predicted future drier
conditions would impact the existing tree-grass ecosystem equilibrium,
resulting in a drastic decrease in the tree cover.

The increase in air temperature (+4.3 ◦C on average in the

2075–2100 scenario) with the decrease in the precipitation, enhanced
the dry conditions in the future, with a strong decrease of the wetness
conditions (P/PE decreased up to − 15 % in the 2075–2100 scenario).
The predicted decrease of the wetness index will bring to a decrease of
the tree LAI of 2.5 (~-60 %; Fig. 8.a), and the tree cover fraction up to
0.1, so that the wild olives would not survive in the Sardinian ecosystem
in the predicted future scenarios. As also observed by Montaldo et al.
(2021) and Montaldo and Oren (2022), with respect to the highly
monitored 2003–2023 period, HR contribution to Et increased during
dry springs and in summers when seasonal P/PE was less than 0.1,
reaching the highest values of 80 % of Et. Such high contribution of HR
was also observed by Schwinning (2010) in Mediterranean Jeffrey pine
trees. In the predicted future scenarios, the increase of dry conditions
with P/PE below 0.005 will increase the HR contribution to Et, reaching
91 % (Fig. 8.b), which, however, will be not enough to support tree
growth and maintenance, evidenced by very low LAIt (between 1.5 and
2) and ft (~0.1) values (Fig. 7). In the predicted future conditions, as was
similarly observed in the Mediterranean basin by Garcia-Ruiz et al.
(2011), in a Turkish basin by Gorguner and Kavvas (2020), and in
Sardinian basins by Pulighe et al. (2021) and Sirigu and Montaldo
(2022), the soil water balance will be strongly modified, with a decrease
of infiltration (− 25.6 %), and soil water content (− 21.7 %). We also
predicted a strong decrease of evapotranspiration (− 11.2 %) and tree
transpiration (− 56.8 %) due to tree cover percentage reduction. In this
future scenario, grass LAI will also decrease (on average – 26.6 %)
because the hydraulic lift generated by the tree root system supported
grass growth in these dryland ecosystems (Montaldo et al., 2021), and

Fig. 7. Future predicted scenarios using the 11 GCMs inputs at the Orroli site: predictions of a) the fraction of tree cover (ft) and b) the tree LAI (LAIt). The dashed
thick red lines are the averages of the ft and LAIt predictions using all the 11 GCMs inputs, and the dashed thick black lines are the averages of the ft and LAIt
predictions using mild and high emission scenarios only. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

Table 5
Results of the model predictions for the future 2075–2100 scenario and future
scenarios of high and mid emissions: mean yearly values, and the corresponding
changes compared to the historical data.

Variable name Mean yearly values
(Standard deviation)

Change (2075–2100
respect historical)

Infiltration (I) 391.5 mm/year (SD =

43.75 mm/year)
− 25.6 %

Evapotranspiration (ET) 310 mm/year (SD =

27.12 mm/year)
− 11.2 %

Tree transpiration (Et) 68.52 mm/year (SD =

19.86 mm/year)
− 68.51 %

Hydraulic redistribution
(HR)

35.62 mm/year (SD =

8.655 mm/year)
− 37 %

Soil moisture (θsl) 0.19 (SD = 0.02) − 21.7 %
Moisture in the fractured
rock layer (θfr)

0.25 (SD = 0.05) − 3.3 %

Tree leaf area index (LAIt) 1.9 (SD = 0.47) − 52 %
Grass leaf area index (LAIg) 0.23 (SD = 0.07) − 26.6 %
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the predicted decrease of LAIt and ft will cause a decrease of HR (on
average − 62 %), with consequences on the landscape aspect, becoming
more and more a savanna-like ecosystem.

The Sardinian site is characterized by a strong interannual variability
of annual precipitation, as typical of the Mediterranean region (Ramos,
2001; Giorgi et al., 2004; Montaldo et al., 2008), and we estimated a
lower limit for annual precipitation (~600 mm/y) below which the
recharge of rock reservoir during wet months could no longer sustain the
tree’s water needs during the dry months, jeopardizing the tree’s sur-
vival in the ecosystem. The drier conditions, such as those predicted
using future climate change projections in the Mediterranean area, will
impact the existing wild olive – grass ecosystem equilibrium, decreasing
the woody cover spatial distribution. For the hydrologic sustainability of
a tree-grass ecosystem more water-resistant vegetation species may be
planted, or develop naturally, with impacts on a typical environmental
landscape of the Mediterranean region.

5. Conclusions

A very attractive long-term database (>60 years of data) of a
Sardinian case study, in the center of the island and the Mediterranean
Sea, characterized by a tree (wild olive) – grass ecosystem, with

micrometeorological and meteorological measurements, remote sensing
data and aerial photography images, is proposed. We demonstrated that
it provided an interesting opportunity to analyze the response of tree-
grass ecosystems to historical climate and land cover changes.

An ecohydrological model to accurately reproduce the soil, vegeta-
tion, and atmosphere interactions and dynamics, and their long-term
evolution is proposed. It predicted the long-term dynamics of the
Sardinian tree-grass ecosystem, well predicting the tree cover fraction,
which was drastically reduced (~0.10) by a human-induced fire about
50 years ago, and restored naturally in almost 20 years, reaching the
equilibrium value (~0.33). Through a statistical analysis of historical
precipitation and air temperature data, we evaluated that the Sardinian
case study suffered a historically significant reduction of rain and a
significant increase of air temperature in the last century, which pro-
duced drier conditions but with a recent mean annual precipitation
(MAP) still above 600 mm, apparently enough to sustain the tree
growth. We predicted future scenarios using the Intergovernmental
Panel on Climate Change (IPCC) climate scenarios, opportunely rescaled
for the Sardinian case study. A further decrease of MAP of up to ~400
mm, and an increase of air temperature of on average 5.39 ◦C (up to
10 ◦C), which will cause a reduction in the tree cover fraction of up to
0.10, and a strong decrease of tree LAI is predicted. In the predicted
future scenarios, the wild olives would not survive in the Sardinian
ecosystem. The soil is predicted to become drier, with less infiltration,
and less grass and vegetation in general, with consequences on the
landscape aspect, increasingly becoming more of a savanna-like
ecosystem.

The future landscape scenarios are predicted to be less vegetated,
unless more water-resistant vegetation species develop naturally or are
planted. Water resources and environmental planning need to consider
and evaluate these results to develop strategies able to increase the
resilience of tree-grass ecosystems to climate changes.
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