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Abstract Widespread tree mortality is increasingly associ-
ated with extreme drought, yet its mechanisms remain poorly
understood. To address this, we investigated which indica-
tors most accurately delineate the relationship between cli-
matic stressors and satellite-derived metrics related to tree
crown/forest canopy conditions and forest decline for coni-
fers and evergreen broadleaves. The study was performed
between 1990 and 2020 in woodlands of Cyprus dominated
by Juniperus phoenicea, Pinus brutia, and Quercus alnifolia
(endemic to Cyprus). Landsat 5, 7, 8 and 9 images were used
to assess the condition of tree crowns via 8§ remote sens-
ing (RS) indicators (NDMI, EVI, GPP, LAI, NBR, NDVI,
NDWI, SAVI) correlated, thereafter, with the SPI, SPEI and
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PDSI drought indicators. Our findings clearly outline that
very severe drought conditions <—2 for the SPI-12 and the
SPEI-12, or <—5 for the PDSI-12, exceeded the capacity of
all 3 species to sustain healthy stands at habitats representing
the xeric limits of their natural distribution range in Europe.
Very low precipitation appears as the driving force. How-
ever, starting from the year of drought induced mortality and
including the years that followed, their annual vegetation’s
response via decadal monitoring was related to climate aver-
aged over 4 to 7 past years (including the year of monitoring)
depending on species. Observed multi-year associations are
consistent with a ‘memory’ effect that may reflect cumula-
tive depletion and slow recharge of deeper, root-accessible
moisture pools; however, our remote-sensing indicators do
not directly perceive subsurface storage. NBR and NDMI
were significantly connected with climatic variability, as
described by the SPI or SPEI for the J. phoenicea and by
the PDSI for the P. brutia, before and at the first years after
mortality has occurred. After some years after the mortal-
ity year, the decadal response of vegetation to climate was
better described by the NDVI. Before oak mortality the RS
indicators applied failed to capture the evergreen vegetation
dynamic of Q. alnifolia dense stands. Thereafter, the NDVI
provides the highest accuracy, as the oaks likely experienced
more severe and faster defoliation than the conifers, reducing
their vegetation density at levels detectable by the NDVI.
Thus, our study highlights the importance of considering
long-term drivers for tree foliage-defoliation status, depend-
ent on species type and habitat-specific water availability.
This understanding can explain the types of droughts (sea-
sonal to multiyear) that can trigger tree mortality under cli-
mate change.
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Abbreviations

ET Evapotranspiration

EVI Enhanced Vegetation Index

fAPAR Fraction of Absorbed Photosynthetically Active
Radiation

GHCN  Global Historical Climatology Network

GPP Gross primary production

LAI Leaf Area Index

LUE Light use efficiency

NBR Normalized burn ratio

NDMI Normalized Difference Moisture Index

NDVI  Normalized Difference Vegetation Index

NDWI  Normalized Difference Water Index

NOAA National Oceanic and Atmospheric
Administration

PAR Photosynthetically active radiation

PDSI Palmer Drought Severity Index

PET Potential evapotranspiration

P-PET  Precipitation minus potential evapotranspiration

SAVI Soil Adjusted Vegetation Index

SPEI Standardized Precipitation—Evapotranspiration
Index

SPI Standardized Precipitation Index

VI Vegetation Index

Introduction

In recent decades, numerous episodes of forest decline
and drought-driven tree mortality have been documented
(Hartmann et al. 2022; Eliades et al. 2024). These mortality
events pose a critical challenge for forests and the ecosys-
tem services they provide, especially under future climate
scenarios that project substantial warming and widespread
drying across mid-latitude regions (Seager et al. 2007;
Choat et al. 2012; Cook et al. 2014; McMahon et al. 2019).
Tree mortality has already been on the rise across extensive
regions with Mediterranean climate (Allen et al. 2010; Elia-
des et al. 2024), primarily driven by the combined effects
of climate warming and precipitation decline leading to
drought, followed by other biotic factors. While the mecha-
nisms governing these processes are complex, current evi-
dence suggests that hydraulic failure, where water transport
within the tree is critically disrupted, is the primary driver of
drought-induced tree mortality (Choat et al. 2012).

These drying trends are likely to amplify tree mortality
rates and contribute to extensive forest tree mortality events,
particularly at rear-edge distribution ranges of tree species
(Sarris et al. 2011; Dorman et al. 2015a; Mazza et al. 2021,
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Sarris and Christodoulakis 2024). Moreover, the impacts of
droughts on forests can vary substantially, even under similar
levels of drought severity, due to differences in species com-
position, site conditions, and ecosystem traits (Vetter et al.
2008; Shukla et al. 2015). Gaining a deeper understanding of
the climatic factors influencing tree mortality across exten-
sive spatial scales can assist in designing the strategies that
enable proactive management to address potential tree mor-
tality events (Mazza et al. 2018). To achieve this, implement-
ing a reliable framework to evaluate forest health is critical.
Such approach can integrate meteorological data with data
from remote sensing of vegetation in the effort to examine
the relationships between rising temperatures, water deficits,
forest decline and tree mortality. For instance, the Normalized
Difference Vegetation Index (NDVI) has been widely applied
as a proxy for photosynthetic activity and has been shown to
be closely linked to biodiversity (Dubinin et al. 2018).
Variability in climate leading to extreme events and dis-
turbances can disrupt ecosystem productivity (Carpenter and
Turner 2000), with the impact lasting from a few hours to
several years (Thom et al. 2013). While long-term climate
change occurs gradually over decades to centuries, short-
term climate variability—such as extreme weather events
and seasonal anomalies—can act as rapid disturbances that
abruptly impact ecosystems, e.g., windthrow and frost. Tree
mortality is also affected by slow-changing variables that
evolve gradually over time. These include environmental
attributes, such as gradual depletion of deeper moisture
“pools” (Sarris et al. 2007, 2013; Sarris and Mazza 2021b).
While harsh environments found at the limits of tree spe-
cies distribution are associated with elevated mortality
rates, favorable conditions can also increase the risk of indi-
vidual tree loss. Enhanced growth in such conditions can
lead to increased competition for resources, such as light,
and greater vulnerability to natural events, like windthrow
(Buma and Wessman 2011; Stephenson et al. 2011).
Integrating both rapid and gradual factors presents an
ongoing challenge in the study of tree mortality across broad
spatial scales. Comprehensive annual datasets on tree mor-
tality are essential for linking mortality to short-term varia-
bles, such as intra- and inter-annual climate variability. How-
ever, such datasets are typically restricted to well-monitored,
long-term research sites (Van Mantgem et al. 2009) which
limits their applicability in deriving consistent large-scale
patterns. In contrast, forest inventory data can offer insights
into mortality across extensive regions (Hember et al. 2017).
Yet, due to their extended intervals, often spanning five to
ten years, their practical usefulness in revealing mortality
responses to climate dynamics and extreme weather events is
constrained. Such data gaps have so far hindered the devel-
opment of a comprehensive understanding of tree mortality
patterns on larger spatial scales (Tomppo et al. 2010). The
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combined use of remote sensing tools and meteorological
data can address these challenges.

This study aims to investigate the relationship between
remotely sensed indicators of forest decline and meteoro-
logical drought indicators across seasonal, monthly, and
multi-year timescales. On the one hand, we examine com-
monly used satellite-derived metrics reflecting canopy
condition. On the other hand, we assess how these relate to
standardized drought indicators in Mediterranean conifer
and evergreen broadleaf forests, particularly at the eco-
logical margins of their distribution. Understanding how
different indicators respond to climate change across vari-
ous regions and tree species will provide a more precise
assessment of forest vulnerability. Addressing this knowl-
edge gap can contribute to the development of early warn-
ing systems, thus enabling proactive measures to mitigate
the effects of climate change on forests (Dakos et al. 2008).

To accomplish this objective, we conducted for the first
time a comprehensive comparative analysis of eight remotely
sensed indicators. These indicators, namely, Enhanced Veg-
etation Index (EVI), Gross Primary Productivity (GPP), Leaf
Area Index (LAI), NBR, NDMI, NDVI, NDWI, and Soil-
Adjusted Vegetation Index (SAVI), were selected based on
their widespread use in global tree mortality assessments (Elia-
des et al. 2024) and are related to the state of forest vegetation/
environment. We compared these remotely sensed indicators
with three meteorological drought indicators (SPI, SPEI, and
PDSI) to evaluate their relationship, before and after two major
tree mortality events—one in 2008 across Cyprus, and another
in 2016, especially affecting the Akamas region. The analysis
was conducted on two conifers (Juniperus phoenicea L., Pinus
brutia Ten.) and an evergreen broadleaf (the endemic Quercus
alnifolia Poech) across three forest sites. All tree populations
were at the southern-most (rear-edge) distribution ranges of the
above species in the Mediterranean. To analyze tree response
under varying climate dryness, a running correlation analysis
was performed using moving analysis “windows” of 10 years
to examine the relationship between tree crowns/foliage con-
ditions and drought indicators (Sarris et al. 2007; Sarris and
Christodoulakis 2024).

This study examines how climate influences the health of
important Mediterranean forest species at the limits of their
distribution range and whether remote sensing can effec-
tively capture this effect to improve our understanding of
tree mortality drivers. Specifically, we aim to: (a) investigate
the relationship between the 2008 and 2016 forest mortality
events in Cyprus and drought conditions; (b) identify the
most effective drought and remote sensing vegetation indica-
tors for explaining forest decline and mortality in conifers
and evergreen broadleaves; and (c) determine the temporal
scales at which these indicators are most effective. Address-
ing these questions may lead to the selection of the best
performing indicators that can be adopted as early warning

signals for tree mortality and as tools for mapping high-risk
areas.

Materials and methods

A structured workflow for remote sensing-based
drought assessment

For the needs of this study, we developed a structured,
remote sensing-based workflow to assess drought impacts
on forest ecosystems by integrating satellite-derived
vegetation indicators with climatic drought indicators.
Vegetation metrics were extracted from Landsat 5-9
Surface Reflectance products via Google Earth Engine
(GEE), following standard pre-processing steps, includ-
ing atmospheric correction, cloud and shadow masking,
and radiometric scaling. Within each forest site, plots were
delineated to generate time series for eight widely used
drought-responsive indicators—EVI, GPP, LAI, NDVI,
NDMI, NDWI, NBR, and SAVI—capturing structural,
physiological, and moisture-related canopy conditions.
Daily temperature and precipitation records from 1990 to
2020 were used to compute three meteorological drought
indicators: the SPI, the SPEI, and the PDSI, ensuring tem-
poral alignment with satellite observations. Data were ana-
lyzed at monthly, seasonal, annual, and multi-year scales,
including 2—-10 year running means to capture short-
and long-term drought signals. To evaluate vegetation
responses to climatic stress, statistical techniques such as
Cook’s Distance, Kalman filtering, and Spearman’s corre-
lation were applied, as shown in Fig. 1. The above remote
sensing indicators (reflecting the structural, physiological,
and moisture-related state of tree crowns and the forest
canopy) were subsequently tested to assess the short and
long-term sensitivity of tree foliage to precipitation (SPI)
and drought (PDSI, and SPEI) variability, before and after
the tree mortality events of 2008 and 2016. Our remote
sensing indicators reflect canopy condition that integrates
plant water status; any link to the root-accessible zone is
inferred, not directly measured.

This approach was applied to three Mediterranean forest
ecosystems in Cyprus—two coniferous (J. phoenicea and
P. brutia) and one evergreen broadleaf (Q. alnifolia)—
across the sites of Akamas, Machairas, and Stavrovouni.
Akamas experienced extensive tree mortality during both
the 2007-2008 mega-drought and a second event in 2016
(see Supplementary Table S1; Figs. 2, 3), while Machai-
ras and Stavrovouni were affected primarily during the
2007-2008 event (see Supplementary Table S1; Figs. 2, 4,
5). The populations of the tree species under investigation
were all close to the limits of their distribution range in the
Mediterranean, and from habitats with limited moisture
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Fig.1 Summary of the methodological workflow for assessing drought impacts on forest ecosystems

0 300Meters

R R =

 n e A S

Fig. 2 The morphological map of Cyprus, with selected specific tree populations (encircled) within each study area: a Akamas, b Machairas,

and ¢ Stavrovouni
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Fig. 3 Part of the study area

in Akamas forest, with J.
phoenicea mortality (encircled)
in 2016 (2 km north—west of the
2008 mortality areas in the area)
(Eliades 2016)

Fig. 4 Part of the study area

in Machairas forest, with Q.
alnifolia mortality (encircled) in
2008 (Eliades 2008)

availability due to topography (Sarris and Christodoulakis
2024) (Figs. 3, 4, 5).

Selected habitats and tree species populations

Annual precipitation in Cyprus ranges from about 300 mm
in the central plains and eastern lowlands to 1100 mm at
the peak of the Troodos massif (Meteorological Service
1986). Rainfall gradually diminishes on the more sheltered

northern and eastern slopes of the island (Pashiardis
and Michaelides 2009). The study area encompassed
the regions of Akamas (35°02'51.7"N, 32°19'04.5"E),
Machairas (34°5529.3"N, 33°11'32.9”E), and Stavrovouni
(34°54'08.3"N, 33°25'22.8"E) in Cyprus, as depicted in
Fig. 2. These areas are covered with woodlands growing
on rocky soils and are renowned for their unique biodiver-
sity and ecological significance. The vegetation consists of
coniferous forests dominated by P. brutia in Stavrovouni

@ Springer
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Fig. 5 Part of the study area
in Stavrovouni forest, with P.
brutia mortality (encircled) in
2008 (Forest Department of
Cyprus 2008)

and evergreen broadleaf Q. alnifolia in Machairas, both of
which experienced substantial tree mortality in 2008, and
of J. phoenicea in Akamas, where significant mortality was
observed later, in 2016. These species populations were
located at the rear-edge of their distribution ranges in the
Mediterranean and in marginal habitats where drought stress
impacts are most severe.

The selected J. phoenicea populations in the Akamas
Peninsula cover an area of 10,805 m? at a relatively low
elevation of 280 m above sea level, on south- and south-
east-facing slopes with an incline of 15%-20%. The area
receives an annual precipitation of approximately 450 mm.
The underlain rocky geology with limited clay soils results
in low water retention capacity, intensifying drought stress,
as illustrated in Fig. 3.

Selected Q. alnifolia populations in Machairas
(area=19,179 m?), grow at an elevation of 1220 m, and on
northeast and east aspects, with an incline of steep slopes
about 25%-30% and normal precipitation at approximately
700 mm per year. The rocky soil and steep slopes lead to
rapid water runoff that further limit soil moisture availabil-
ity, as depicted in Fig. 4.

Lastly, the P. brutia populations in the Stavrovouni for-
est (area="75,055 mz), grew at an elevation of 300 m, on
northeast and east-facing slopes with an incline of 13%—-16%
receiving around 400 mm annually under normal climato-
logical conditions. The underlying rocky substrates restrict
water infiltration and retention, as shown in Fig. 5.

@ Springer

Satellite data

Satellite imagery from Landsat (MSS, TM, and ETM+
sensors, with spatial resolutions between 15 and 30 m),
covering the period from 1990 to 2020 was retrieved
through the Google Earth Engine; focusing on areas where
tree mortality was clearly visible in the satellite imagery.
The NDVI is among the most widely utilized indicators for
monitoring vegetation in ecosystem studies (Eliades et al.
2024). NDVI represents a measure of vegetation produc-
tivity, relying on the assessment of radiation absorbed for
photosynthesis (Sellers et al. 1992). It is also applied to
determine parameters like Leaf Area Index, plant biomass,
and moisture levels (Aguilar et al. 2012). The equation for
NDVI is given by:

NDVI = (NIR — RED)/(NIR + RED) (1

where, NIR is the near-infrared reflectance (~0.83 pm),
sensitive to the cell structure of leaves, and RED is the red
reflectance (~0.65 pm) (Rouse 1974).

The EVI was designed to enhance the detection of veg-
etation signals by increasing sensitivity in areas with high
biomass, improving vegetation monitoring by minimizing
the influence of the canopy background signal, and reducing
atmospheric effects (USGS 2025):

EVI = (2.5(NIR — RED))/(NIR + 6 RED — 7.5BLUE + 1)

@)
where, BLUE is the blue reflectance (~0.452-0.512 pm),
used for atmospheric correction to minimize the effects of
aerosol scattering and soil background noise.
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Unlike NDVI, NDWI exhibits lower sensitivity to atmos-
pheric scattering effects. The NDWI quantifies the presence
of liquid water molecules in vegetation canopies that inter-
act with incoming solar radiation and is calculated as (Gao
1996):

NDWI = (GREEN — NIR)/(GREEN + NIR) 3)

where, GREEN is the green reflectance (~0.56 pm), which
enhances the presence of water by maximizing its reflec-
tance from water bodies.

The Leaf Area Index (LAI), defined as the total leaf surface
area per unit of ground area (m? m™2), serves as an aggregate
metric for characterizing the foliar component of vegetation
canopy structure. LAI exhibits a simple linear relationship
with EVI, which enhances vegetation monitoring by reducing
atmospheric and soil background effects:

LAI = 03618 x EVI—0.11 &)

where, the values 0.3618 and —0.11 are constants derived
from empirical research and calibration studies (Boegh et al.
2002).

SAVlI is applied to adjust the NDVI for the impact of soil
brightness, particularly in areas with sparse vegetative cover
and is calculated as (Huete 1988):

SAVI = (1 + L)(NIR — RED)) + (NIR + RED +L)  (5)

where, L represents a canopy background adjustment factor.
An L value of 0.5 in reflectance space has been shown to
reduce soil brightness variations effectively and remove the
need for extra calibration across different soil types.

The absolute value of the NDMI allows for the immediate
identification of farm or field areas experiencing water stress,
and it is calculated as (Gao 1996):

NDMI = (NIR — SWIR1) + (NIR + SWIRI) 6)

where, SWIR1 is the shortwave infrared reflectance
(~1.64 pm), which is strongly influenced by the moisture
content in vegetation and soil. NDMI is commonly used
to assess vegetation water content and monitor drought
conditions.

The trends in the NBR show a direct relationship with fac-
tors such as yearly precipitation, average climatic temperature
and depth of soil, and it is calculated as (Keeley 2009):

NBR = (NIR — SWIR2) = (NIR + SWIR2) %)

GPP refers to the total rate at which carbon is fixed by veg-
etation through photosynthesis. Therefore, both Light Use Effi-
ciency (LUE) and the fraction of Absorbed Photosynthetically
Active Radiation (FAPAR) are derived from Vegetation Indica-
tors (VIs); GPP is calculated as the product of VIs and PAR.
EVI, as a component of GPP, had the highest determination

coefficient (R?) among all VIs calculated from the relationship
(Wu et al. 2010):

GPP = PAR X EVI X EVI ®)

where, PAR in the Eastern Mediterranean basin is estimated
as having an annual mean value of 0.454 (Jacovides et al.
2003).

Meteorological drought parameters

Daily temperature and precipitation data from three meteoro-
logical stations of the Cyprus Department of Meteorology—
Akamas (Smiges; 35.0240°N, 32.3331°E; 273 m above sea
level), Machairas (Kionia; 34.9202°N, 33.1976°E; 1,352 m
above sea level), and Stavrovouni (Kornos; 34.8869°N,
33.4367°E; 341 m above sea level)—were used to calculate
three drought indicators: SPI, SPEI, and PDSI. The dataset
used spans from 1990 to 2020, providing a 30-year record
essential for a robust drought assessment that included the
documented tree mortality event of 2008 across Cyprus and
2016 in Akamas. To ensure the accuracy and reliability of
data from the Akamas (Smiges) station, additional precipi-
tation and temperature data were obtained from the nearby
station in Polis Chrysochous, sourced from NOAA’s Global
Historical Climatology Network (GHCN), which provides
long-term, ground-based climate observations worldwide.
Additionally, ERAS climate reanalysis data, produced by
the European Centre for Medium-Range Weather Forecasts
(ECMWEF), were used for cross-validation of the station-
based temperature and precipitation records. ERAS offers
high-resolution (0.25° grid) hourly climate data by assimi-
lating ground-based observations, satellite measurements,
and data from numerical weather prediction models, making
it particularly useful for filling observational gaps in areas
with limited ground station coverage (Hersbach et al. 2020;
National Centers for Environmental Information (NCEI)
2025). Each station was selected for its geographic rel-
evance and data quality, ensuring high-resolution and con-
tinuous daily observations. The long-term dataset facilitated
a comprehensive analysis of temporal and spatial variations
in precipitation and temperature anomalies, enabling the
evaluation of both short- and long-term drought patterns in
the region.

We adopted 12-month drought indices (SPI-12, SPEI-
12, PDSI-12) to ensure direct comparability with the annu-
ally aggregated remote sensing vegetation indicators and to
capture prolonged, cumulative moisture deficits that most
strongly affect tree condition. We also computed shorter
(3—6 months) and longer (24 months) windows; however,
we prioritized 12 months to present a general, annual picture
and to maintain year-to-year correlations (avoiding month-
to-year mismatches). Patterns were broadly consistent across
scales, but the 12-month aggregation provided the clearest

@ Springer
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and most stable signal around the mortality (2008, 2016)
and recovery intervals.

SPEI, which incorporates both precipitation (P) and
potential evapotranspiration (PET), was used to assess
drought conditions. Unlike SPI which relies solely on pre-
cipitation anomalies (Vicente-Serrano et al. 2010), SPEI
accounts for temperature-driven changes in water demand,
making it more reflective of hydrological anomalies caused
by temperature variability. This distinction is critical, as
evapotranspiration influences soil moisture and vegetation
water content (National Centers for Environmental Infor-
mation (NCEI) 2025). SPEI calculations require mean tem-
perature, latitude and continuous monthly data spanning at
least 30 years.

SPEI values are computed over specific time scales (e.g.,
1,3, 6, 12, and 24 months), reflecting the cumulative P-PET
(Precipitation—Potential Evapotranspiration) anomalies for
the selected period compared to the long-term historical
record. For instance, the 3-month SPEI (SPEI-3) for March
is calculated using the cumulative P-PET for January, Feb-
ruary, and March, compared with the historical record for
the same period. Shorter time scales, such as SPEI-1, cap-
ture short-duration droughts (e.g., soil moisture deficits),
while longer time scales, such as SPEI-12, SPEI-24 or even
longer, represent prolonged droughts affecting reservoirs and
groundwater availability.

The PDSI, a composite drought indicator, was also
employed to capture both current-month and lagged effects
of precipitation and temperature on drought conditions
(Alley 1984). Negative PDSI values indicate drought, while
positive values reflect wetter-than-average conditions.
Together, these meteorological drought indicators provided
a robust framework for analyzing drought patterns across
different temporal scales in Cyprus.

Statistical analyses

The gaps in the remote sensing time series were addressed
using a Kalman smoothing filter for gap-filling and light
smoothing (not for outlier detection per se) (Alavi et al.
2006). In addition to the Kalman smoothing filter (Moritz
and Bartz-Beielstein 2017), moving average (MA) interpo-
lation techniques were applied to address missing values.
After evaluating the outcomes, the datasets completed using
the Kalman smoothing filter were selected for subsequent
time series analysis. To identify potentially influential obser-
vations, the Kalman smoothing filter was complemented
with regression analysis using Cook’s distance (Verbesselt
et al. 2010).

Cook’s distance (D) was employed as a diagnostic meas-
ure to assess the influence of individual observations on
the fitted values from a preliminary fit. Specifically, for an
observation i (i=1,..., n), Cook’s distance Di represents

@ Springer

the cumulative effect of excluding observation i on the
fitted values, considering all other observations. Observa-
tions exceeding a pre-specified influence threshold were
flagged for inspection. If a flagged point was judged as a
measurement artefact (rather than a genuine extreme), it was
replaced by the Kalman estimate and the series was re-esti-
mated; otherwise, it was retained to preserve true extremes.
All analyses were re-run after treatment and checked for
robustness to inclusion/exclusion of flagged points (Cook
and Weisberg 1982; Atkinson et al. 1997).

The Spearman correlation coefficients (p or rho), along
with their corresponding p-values (p), were calculated to
evaluate the possible responses of vegetation (based on
indicators EVI, GPP, LAI, NBR, NDMI, NDVI, NDWI,
and SAVI derived from remote sensing data) to meteoro-
logical drought (based on indicators SPI, SPEI, and PDSI).
These potential relationships were assessed across various
time periods, of annual, three-month (December—February,
June—August), five-month (May—September) and six-month
(October-March, April-September, May—October) duration
for each year as well as across multiple years (2—10 past
years), from 1990 to 2020. The above data were screened
using 10 year running mean correlation analysis “window”.
This method provided an in-depth perspective of the impact
that water availability can exercise on primary tree growth
and on the state of tree foliage. It has also been applied to
investigate similar impacts of drought on secondary tree
growth under Mediterranean climatic conditions (Mazza
and Sarris 2021; Sarris and Christodoulakis 2024). The
Spearman’s rho was specifically employed to also address
potential non-normality in the data distribution. Highly sta-
tistically significant correlations were set at p <0.001, and
ranked by ascending p-values to highlight the most robust
associations (Choi et al. 2013).

Running-mean and moving-window framework
for vegetation-climate correlation analysis

To investigate the long-term dynamics of vegetation
responses to drought, we first smoothed all datasets—
including SPI, SPEI, PDSI, and remotely sensed veg-
etation metrics—using 10-year running means with a
1-year step; values are reported in terms of their window
ranges, to emphasize the decadal context (e.g., 1992-2001,
1993-2002,...). Then we performed a correlation analysis
for the period 1992-2017 (n=17) for J. phoenicea and for
the period 1992-2020 (n=20) for Q. alnifolia and P. brutia
using the Spearman’s rank correlation coefficient (r70). The
time span of analysis included both the period before tree
mortality and the recovery of vegetation thereafter. Before
correlations and transformation into 10-year running mean,
all data were normalized by conversion into z-scores.
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Building on this, we applied a 10-year moving “win-
dow” correlations analysis to explore temporal shifts in
vegetation—climate relationships. Analyses used the annual,
unsmoothed (but z-scored) series (i.e., no additional smoothing
within windows), 10-year windows with a 1-year step. Annual
vegetation indicators (EVI, GPP, LAIL, NBR, NDMI, NDVI,
NDWI, SAVI) were correlated on the one hand (X) with poten-
tial climatic drivers on the other hand (Y) derived from SPI,
SPEI, and PDSI for the period 1992 to 2020 provided 20 cor-
relation coefficients from each 10-year analysis “window” for
each (X, Y) pair (EVI vs. SPI, GPP vs. SPI...SAVI vs. SPI etc.
with 1992-2001 as “window” number one, and 2011-2020 as
“window” number 20). Considering all three drought indica-
tors this added up to 60 correlations per vegetation indicator.
However, each drought indicator produced 16 different poten-
tial climatic drivers. These were classified as: (A) Monthly
and seasonal climate (three-month i.e., December—February,
June—August; five-month i.e. May—September; six-month e.g.,
October—March, April-September, May—October). (B) Annual
climatic conditions (January—December and (C) Multi-year
accumulations. For (C), we evaluated rolling windows of
2-10 years: 2-year windows (1992—-1993, 1993-1994,...),
3-year windows (1992-1994, 1993-1995,...), up to 10-year
windows (1992-2001, 1993-2002). Thus, within each 10-year
correlation analysis “window” an annual (January—Decem-
ber) vegetation indicator produced 16 correlation coefficients
from being correlated with the climatic drivers of SPI, or 320
(16x20) for the entire 1992—-2020 period of analysis. Con-
sidering SPEI and PDSI as well, this method produced 960
correlation coefficients in total per vegetation indicator or 7680
correlation coefficients in total from all vegetation indicators
per site. In other words, each of the 8 vegetation indicators
produced 320 correlation coefficients per site. Correlations
were not adjusted for autocorrelation.

To place these results in the context of drought events, each
10-year moving “window” was overlaid with background
shading representing standardized SPEI (z-score) values. Red
hues indicate increasing drought severity (SPEI<0), while
blue hues represent wetter-than-average conditions (SPEI> 0).
SPEI values are divided into six discrete color bins, with
threshold breaks evenly spaced between 0 and the observed
maximum absolute SPEI value for each area. This results in
site-specific transitions that dynamically scale with local SPEI
variability, with full SPEI time series per site shaded into six
discrete bins 0, 0.4, 0.8, 1.2, +£1.6, £2.0. The analysis
was designed to test vegetation responses to climate during
drought periods associated with tree mortality for specific
species (2008 for P. brutia and Q. alnifolia, and 2016 for J.
phoenicea), as well as to compare with other drought or wet
periods where mortality was not observed.

Results

Assessment of meteorological drought indicators
and their ecological impacts

Across all study areas, the timing of extreme drought condi-
tions appears to align closely with known episodes of tree
mortality, supporting a potential causal link.

The analysis of drought indicators for J. phoenicea at the
Akamas site highlights moderate and severe drought events
from 1995 to 2018, with Fig. 6a. Based on the PDSI, moder-
ate droughts (PDSI < —2.5) occurred in 2004-2005, 2006,
2008, 2010, and 2014. SPEI indicated moderate drought
conditions (SPEI< —1) in 1995, 2005-2008, and 2014. Simi-
larly, SPI also captured drought anomalies (SPI < —1) during
2005-2008 and 2014, with the details presented in Fig. 6a.
However, the most severe drought occurred in 2016, with
extreme values recorded across all three indicators (SPI and
SPEI < -2 and PDSI < -5). Specifically, the SPEI reached
—2.63 in November, while the SPI dropped to —2.71, in the
same month. Notably, the PDSI revealed even more pro-
longed stress, with values dropping to —6.04 in June, —5.78
in May, —5.47 in July, and —5.02 in August, which is shown
in Fig. 6a. These patterns indicate that drought conditions
were severe throughout the dry season and coincide with
the mortality observed for J. phoenicea the same year in
Akamas (Fig. 3; see Supplementary Table S1).

In Machairas site (Q. alnifolia), moderate drought con-
ditions were observed in 1995, 2014, and 2018 as per the
PDSI. Additionally, the SPEI detected moderate droughts in
1995, 1998, 2000, 2013, 2014, and 2016, while SPI anoma-
lies pointed to moderate drought years in 1995, 1997, 1998,
2013, 2014, and 2016, with prolonged moderated drought
conditions emerging in 2018. However, 2008 marked a peak
in atmospheric drought stress, with sustained low values for
PDSI, SPEI, and SPI, highlighted in Fig. 6b). In 2008, PDSI
reached —4, while the lowest SPEI was —2.15 in September,
followed by —2.12 in August and —2.12 in October. SPI
values corroborate this, reaching —2.44 in October, —2.42
in September, and —2.38 in August. These extreme drought
conditions are supportive of the mortality events recorded in
Q. alnifolia populations in 2008 in Machairas forest (Fig. 4;
see Supplementary Table S1).

At the Stavrovouni site (P. brutia), moderate drought
occurred in 1995-1996, 2013-2014, and 20162018 accord-
ing to the PDSI. SPEI detected moderate droughts in 1995,
2000, 2006, 2013, 2014, and 2016, while SPI indicated simi-
lar drought signals in 1995, 2006, 2013, 2014, and 2016,
with Fig. 6¢ highlighting these events. Year 2008 stands out,
with the SPEI dropping as low as —2.84 in August, —2.84 in
July, and —2.80 in May. SPI followed a similar pattern, with
its most severe value of —3.49 in May, alongside —3.44 in
June and —3.41 in July. PDSI values further confirm extreme
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Fig. 6 Drought variability at three sites in Cyprus (1995-2018). Col-
umns show PDSI-12, SPEI-12 and SPI-12; rows correspond to Aka-
mas (a), Machairas (b) and Stavrovouni (c¢). Yellow shading indicates
moderate drought (PDSI<-2.5; SPEI/SPI<—1) and red shading

drought for 2008: —6.06 in June, —5.88 in May, —5.59 in
July, —5.27 in April and —5.02 in August. The severity of
drought is in line with P. brutia desiccation and subsequent
dieback observed in Stavrovouni forest in 2008 (Fig. 5; see
Supplementary Table S1).
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indicates severe drought (PDSI< —5; SPEI/SPI<—2). Grey shading
marks years with observed mortality (Machairas: 2008; Stavrovouni:
2008; Akamas: 2016)

Long-term vegetation dynamics explained by drought
indicators

For J. phoenicea the best correlations (p <0.001) between
drought indicators and indicators for vegetation conditions
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provided by remote sensing smoothed by conversion into
10-year running means appeared between SPI and NBR
(rho=0.86), between SPEI and NDMI (rho=0.80) and
between SPI and NDWI (vho =—0.72) (Table 1). PDSI pro-
duced significant correlations only with NBR and NDVI
(rho=0.60; rho=0.52), but at lower significance (p <0.05).
Since NBR produced a significant correlation also with SPEI
at p<0.01, it was the only indicator providing significant
correlations with all three drought indicators. For Q. alni-
folia, correlations were significant between SPI or SPEI
and NDWTI at p <0.05 (rho=-0.35; rho=—-0.37), whereas
for PDSI, in some cases where higher correlations were
obtained, their sign was opposite to what would be logically
expected and thus they cannot be considered credible. For
P. brutia, PDSI appeared as the best predictor. Correlations

Table 1 Spearman’s rho between three drought indices (SPI, SPEI
and PDSI) and eight remote-sensing vegetation indicators for each
tree species. Time series were smoothed using 10-year running means
before correlations were calculated. Results are shown for 1992-2017
(n=17) for J. phoenicea and for 1992-2020 (n=20) for Q. alni-
folia and P. brutia. Asterisks indicate that the correlation is statisti-
cally different from zero using a two-tailed test (* for p <0.05; ** for
p<0.01; *** for p<0.001). Bold italics mark the strongest associa-
tion (largest p) among the vegetation indicators for a given species,
and bold marks the second strongest

Remote Drought indicator
sensing
indicator SPI SPEI PDSI
Juniperus phoenicea  NDMI 0.64%%* 0.80%** 0.34
EVI 0.60* 0.32 0.40
GPP 0.65%* 0.46 0.43
LAI 0.60* 0.32 0.40
NBR 0.86*%**  0.65**  0.60*
NDVI 0.71%* 0.32 0.52%*
NDWI —0.72%%*  —0.72%* —0.42
SAVI 0.61%* 0.35 0.41
Quercus alnifolia NDMI 0.25 -0.04 —0.47*
EVI 0.36 0.11 —-0.44
GPP 0.32 0.13 —0.50*
LAI 0.33 0.13 —0.50%
NBR 0.22 -0.08 —0.50*
NDVI 0.32 0.23 —0.31
NDWI —0.35 —-0.37 0.05
SAVI 0.37 0.17 —0.48*
Pinus brutia NDMI 0.52%* 0.22 0.84%**
EVI 0.10 0.23 -0.41
GPP 0.01 0.18 —0.49*
LAI 0.17 0.30 -0.35
NBR 0.57%* 0.23 0.84%%*
NDVI 0.55% 0.49%* 0.25
NDWI -0.24 -0.39 0.31
SAVI 0.50%* 0.57**  0.09

between PDSI and NBR (rho =0.84), or PDSI and NDMI
(rho=0.84) were very highly significant (p <0.001). NBR
also produced significant correlations with SPI (rho=0.57;
p<0.01), while for SPEI its best correlation was with SAVI
(rho=0.57; p<0.01) (Table 1).

On the one hand, for the two conifer species, NBR is the
most accurately described indicator by the drought indica-
tors based on SPI and PDSI, followed by NDMI, which is
better described by PDSI and SPEI. On the other hand, no
drought indicator alone appears to fully capture the long-
term trends of the vegetation indicators. For the evergreen
broadleaf none of the eight indicators tested appears to sat-
isfactory capture long-term trends in climate, as shown in
Fig. 7.

Correlations between remote sensing
and meteorological drought indicators per decade

Following the analysis of long-term trends, we conducted
a more detailed temporal assessment to resolve the timing
and consistency of these relationships within each decade:
we applied a detailed moving-window correlation analysis,
using annual remote sensing indicators of vegetation, along
with various temporal formulations of drought indicators,
as explained below.

In the first step, we calculated the frequency (count)
of the highest correlation coefficients for each vegeta-
tion indicator X across every 10-year analysis window (as
described above). This provided a preliminary measure of
which remote sensing vegetation indicators were most sen-
sitive to SPI, SPEI, or PDSI, and potentially more effec-
tive in explaining forest decline and mortality (Spearman’s
Irhol>0.881; p <0.001; Fig. 8). Both conifer species (J.
phoenicea and P. brutia) produced much better results than
the ever-green broadleaf (Q. alnifolia). J. phoenicea at Aka-
mas exhibited the highest number of significant correlations,
with most coming from NDMI, NBR, and NDWI, suggest-
ing that the species’ foliage is highly responsive to drought
effects. P. brutia at Stavrovouni was similarly sensitive and
showed a very strong signal for NBR, followed by NDMI
and NDWI. Q. alnifolia at Machairas showed comparatively
low sensitivity, with fewer significant correlations than those
observed for the conifers. Of the tested indicators, NDMI,
NDWI, and NDVI exhibited the most consistent responses,
as presented Fig. 8.

In the second step, we calculated the frequency (count)
of the highest correlation coefficients for each climatic
driver Y across every 10-year analysis window (as
described above). This provided a preliminary measure
of which variations of the meteorological drought indi-
cators—ranging from seasonal to multi-year scales, and
derived from SPI, SPEI, or PDSI—acted as drivers of
vegetation indicator variability and were potentially more
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effective in explaining forest decline and mortality, illus-
trated in Fig. 9.

The vegetation of J. phoenicea in Akamas appeared to
be most sensitive to 2-year climatic conditions, followed by
climate of the past 3 to 4 years. NDWI, NBR, NDMI and
NDVI were the best vegetation indicators correlated with the
above climatic drivers. For the ever-green broadleaf Q. alni-
folia in Machairas, the past 6- to 7-year climate appeared to
be a key driver for the condition of its foliage. NDVI, NDMI,
EVI and NDWI were the best vegetation indicators corre-
lated with the above climatic drivers, although the effects
were less strong compared to the conifers. For the P. brutia
in Stavrovouni, the correlations of the past 3- to 6-year cli-
mate with tree crown conditions were the most robust. NBR,
NDWI, NDMI, and SAVI were the best vegetation indicators
correlated with the above climatic drivers.
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As a third step, for each tree species the best correlation
coefficients (Irhol>0.881; p <0.001) per vegetation indica-
tor, as identified during the first step of analysis, were plotted
in relation to their best climatic predictors, produced either
from SPI, SPEI or PDSI for each 10-year analysis “window”,
depicted in Fig. 10. Figure 10 shows only the three domi-
nant indicators with the best-performing 10-year windows,
Akamas duration =2; Machairas duration =6; Stavrovouni
duration =4 (the full set of results is provided in Supplemen-
tary Figs. S1-S3).

At Akamas site (J. phoenicea), decades 2007-2016 and
2008-2017 (Supplementary Fig. S1) include vegetation
responses related to the mortality of 2016, representing
conditions that vegetation experienced mostly before and
during the event. All three remote sensing vegetation indica-
tors (NDMI, NBR, NDWTI) agree that the climatic drivers
for vegetation responses within the decades 2007-2016 and
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Fig. 8 Classification of correlation coefficients from correlating
potential climatic drivers for vegetation based on drought indicators
(from seasonal to multiple year for either SPI, SPEI or PDSI) with
tree crown conditions (vegetation indicators). The coefficients were

2008-2017, were related to antecedent climatic conditions
spanning 4-5 years (including the year of monitoring). This
is in contrast to the past period of drought centered around
1999-2008, (Fig. 10) where again all remote sensing indi-
cators for vegetation suggest that the climatic drivers for
vegetation responses were linked to conditions from the pre-
ceding 2 years (Fig. 10) (including the year of monitoring)
or to winter/wet season climate (Dec—Fed or Oct—Mar for
NDMI and NBR) (Supplementary Fig. S1). Overall, prior
to the 2016 drought event, vegetation responses in Akamas
appear to have been influenced mainly by seasonal factors or
antecedent climatic conditions over the previous 2-3 years,
with SPI identified as the most consistent drought indicator
(Fig. 10). However, during the period of observed J. phoeni-
cea mortality the past 4 and 5 years of climate (precipitation)
drove vegetation responses.

At Machairas site (Q. alnifolia), decades from 2004-2015
till 20082017 (Supplementary Fig. S2; Fig. 10) include
vegetation responses related to the mortality of 2008 for
NDMI, NDVI and NDWTI (Fig. 10) (including 2002-2011
but only for NDWI), representing conditions that vegetation
experienced primarily during and after the mortality event
(Supplementary Fig. S2; Fig. 10). All the above remote sens-
ing indicators agree that the climatic drivers for vegetation
responses from 2004-2015 till 2008-2017, were related to
5, 6 and 7 years of past climate (including the year of moni-
toring). Overall, the ability of the remote sensing vegetation

Quercus alnifolia(Machairas) ||

Pinus brutia(Stavrovouni)

[INBR EINDWIINDVI[ LAI
INDMISAVI [|EVI

Igpp

grouped based on the remotely sensed vegetation indicator they rep-
resent, for species a Juniperus phoenicea, b Quercus alnifolia, and ¢
Pinus brutia. The frequency (count) represents how many coefficients
were significant at p <0.001 per vegetation indicator

indicators tested, to identify responses of vegetation to cli-
mate before the tree mortality event of 2008 remains poor for
the evergreen Q. alnifolia. It is when years of reduced veg-
etation density because of Q. alnifolia dieback are included
(e.g., 2009 and thereafter) that correlation signals became
significant, and were related to the SPI, and SPEI (Stefanidis
et al. 2023) drought indicators.

At Stavrovouni site (P. brutia), decades from 1999-2008
till 2004-2013 (Supplementary Fig. S3) include vegetation
responses related to the mortality of 2008 for NDMI, NBR
and NDWI (Fig. 10), representing conditions that vegeta-
tion experienced in the years surrounding the 2008 event
(Supplementary Fig. S3; Fig. 10). However, NDWI signals
also cover the periods of recovery from 2005-2014 till
2008-2017 (Fig. 10), which, to a smaller extent, are also evi-
dent in NDMI signals (2005-2014 and 2006-2015). NDMI
and NBR remote sensing indicators show that vegetation
responses during 1999-2008 to 2004-2013 were driven
by antecedent climate variability over the prior 4-6 years,
including the monitoring year. In contrast, NDWI signals
were primarily associated with 2—3 years of preceding cli-
matic conditions during the same period. For NDWI, asso-
ciations with 4-5 years of earlier climate influences emerged
during the recovery phases from 2005-2014 to 2008-2017.
Relative to the pre-2008 drought period, 4-5 years of previ-
ous climate variability provided a better explanation of veg-
etation responses, shifting to 6 years once the 2008 drought
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Fig. 9 Classification of correla- 18
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occurred, as indicated by NDMI. For NBR and NDWI, no
significant shift was detected.

Overall, out of the remote sensing vegetation indicators
tested for the Pinus species, NDMI appears to be the most
sensitive to climatic variability, producing signals related
to the climatic drivers for vegetation responses before the
2008 drought, during its onset and for the period of recovery,
based on all three drought indicators tested (i.e., SPI, SPEI
and PDSI). NBR produced the highest correlations with the
climatic drivers based mostly on SPI and SPEI for the period
centered around the 2008 drought, with NDWI being bet-
ter in capturing signals related to vegetation recovery based
mostly on SPEL

Discussion

Drought thresholds and vegetation indicators’ response
to tree mortality

Tree mortality is a key factor influencing forest functions
and dynamics, with gymnosperms having been found to
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display different behavior than angiosperms trees. In this
respect, generalized hydraulic failure related to drought and/
or bark beetle outbreaks can be involved in the process (Cail-
leret et al. 2017). Our findings clearly outline that both the
2008 and the 2016 mortality events for the gymnosperms P.
brutia and J. phoenicea, on the one hand, and for the angio-
sperm Q. alnifolia, on the other hand, at the xeric limits
of their natural distribution range in Europe can be related
to the very severe drought conditions (PDSI-12 < -5, SPI-
12 and SPEI-12 < 2) that occurred within the dry season
that mortality was observed (Figs. 3, 4, 5). It is a question
whether these drought thresholds can be used to predict dry-
land forest mortality. For instance, values <2 for the SPEI-
12 time-series have been associated with mortality for the
gymnosperm P. halepensis in the Eastern Mediterranean
(Dorman et al. 2013, 2015a, b).

The vegetation indicators best explaining long-term veg-
etation dynamics appear to be different for the two conifer
(gymnosperm) species investigated, compared to the ever-
green broadleaf species (angiosperm), when including the
period before the mortality events of 2008 and 2016 and the
first years thereafter (Table 1; Figs. 7, 8). For J. phoenicea
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Fig. 10 The three remote sensing vegetation indicators with the
strongest correlations (Spearman’s Irhol>0.881, p<0.001, n=10)
with climate variability per decade for a wide range of potential cli-
matic drivers (legend to the right). The small colored boxes at the
bottom of each graph represent the climatic drivers that can explain

and P. brutia, the Normalized Burn Ratio (NBR) appears as
the remote sensing indicator most significantly connected
with climatic variability as described by the SPI for the J.
phoenicea and by the PDSI for the P. brutia. The Normal-
ized Difference Moisture Index (NDMI) is the second most
accurate indicator describing the long-term response of
vegetation to SPEI for the J. phoenicea, and to PDSI for P.
brutia.

However, when looking into the intra-decadal responses
of vegetation to climatic variability, using our 10-year

Wet(SPEI Shading)

the variability in vegetation conditions. Red boxes mark the time peri-
ods related to the mortality events. Events were in 2016 for J. phoeni-
cea at the Akamas site; 2008 for Q. alnifolia at the Macheras site; and
2008 for P. brutia at the Stavrovouni site

moving “window” correlation analysis, the NBR appears
weaker during the decades that include the J. phoenicea’
2016 mortality event (2007-2016, 2008-2017). In this case,
NDMI appears better than the NBR in explaining J. phoe-
nicea vegetation’s response to drought induced mortality.
Nonetheless, the NBR performed exceptionally well, as did
the NDMI, during the driest decades on record for the J.
phoenicea Akamas site (e.g., 1998-07, 1999-00) coinciding,
on the one hand, with the lowest decadal NBR-SPI values,
and, on the other hand, with the lowest decadal NBR-SPEI
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values in our time series (Fig. 7). It is worth noting that
this is a time period when small scale mortality has been
observed for Akamas J. phoenicea (see Supplementary
Table S1). The NBR also produced very strong signals for
P. brutia, but only during the early decades that involved the
P. brutia 2008 mortality event (1999-2008 till 2004-13).
Leaf structure and lifeform differ between the two coni-
fer types (needle leaves for pines trees vs. scaly leaves for
juniper shrubs). Nonetheless, during multi-year droughts
(e.g., 2005-2009), conifer leaves can turn brown (Korner
et al. 2005; Sarris et al. 2007). In these conditions leading
to conifer dieback, both conifer types produce similar veg-
etation responses, which can be detected in the shortwave
infrared bands, as indicated by the NBR and the NDMI.
Healthy green vegetation will have a high NBR value. In
contrast, burnt vegetation—similar to dry, brown vegeta-
tion or bare soil—shows a low NBR value (Digital Earth
Australia 2025).

The most commonly used indicator in mortality detection
is the NDVI (Xue and Su 2017), applied in ca. one-third
of studies globally (Eliades et al. 2024). For our conifers,
its performance was very poor when the entire time span
of analysis is considered (i.e., 1990-2020; see Table 1 and
Fig. 8). These findings are in agreement with a study on the
mortality of Pinus pinaster in southern Spain where the NBR
and the NDMI provided the highest correlations with defo-
liation rates and needle desiccation compared to the NDVI
(Ariza Salamanca et al. 2019). For mapping defoliation, it
has been shown that shortwave infrared reflectance (SWIR
bands), on which the NBR and the NDMI are based on, work
better than the visible-near infrared indices that are used
in the NDVI (Townsend et al. 2012). To the contrary, the
NDVI may be more accurate under conditions representing
severe or complete defoliation processes (Marx and Klein-
schmit 2017). This may explain why the NDVI (together
with SAVI) appears to outperform NBR from 2005-2014 till
2008-2017, i.e., when post mortality years with high rates
of defoliation are included in the analysis for P. brutia (see
Supplementary Table S2).

Furthermore, the evergreen Q. alnifolia in our study
produced much better correlations with the climatic indi-
ces when monitored using the NDVI compared to the NBR
(Figs. 8, 10). In contrast to conifers, where dead leaves can
be retained on the tree for many years, broadleaves/angio-
sperms shed their dead foliage at a much faster pace (Reyer
et al. 2013; Zhang et al. 2020). Thus, Q. alnifolia likely
grants NDVTI higher accuracy by experiencing faster, more
severe defoliation than the conifers (Italiano et al. 2024).
Evidence shows that NDVI can distinguish healthy from
declining trees (Aguilar et al. 2012) with studies in Q. suber
woodlands further demonstrating its strong correlation with
dieback severity (Bambagioni et al. 2025). However, this
accuracy was reduced in dense forests or for overlapping
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oak canopies (Cook and Weisberg 1982; Aguilar et al.
2012). The Q. alnifolia vegetation we monitored was actu-
ally quite dense (Fig. 4). This may explain why the NDVI
did not prove effective in capturing the responses of vegeta-
tion to climate before 2008 when severe mortality occurred.
Thereafter, the vegetation density of surviving oaks would
be expected to be much lower, permitting the NDVI to cap-
ture the responses of oak vegetation to climate. However,
further research is needed to accurately monitor the status of
Q. alnifolia defoliation under severe drought together with
the density of surviving stands coupled with remote sensing
to confirm our hypothesis.

From resilience to mortality: insights
from the multi-year correlations

During the period that tree mortality was observed, primary
productivity of all three tree species investigated appears to
have been related to climatic conditions that occurred not
only during the year that trees were desiccated. It was clearly
related to climate several years before the year that trees died.
For J. phoenicea in Akamas site, during the first decade that
included the 2016 tree mortality event, the past 4 and 5 years
of precipitation drove vegetation responses, having shifted
from seasonal or climate of the past 2 to 3 years, i.e., the cli-
mate that appears to have been driving primary productivity
the decades before 2016. For Q. alnifolia at Machairas site,
decadal vegetation responses coinciding with the tree dieback
of 2008 (from 2004-2015 till 2008-2017) were found to be
related to 5, 6 and 7 years of preceding climatic conditions
(including the year of mortality). For P. brutia at Stavrovouni
site, the climatic drivers for vegetation responses for the time
period from 1999-2008 till 20042013, related to the 2008
P. brutia mortality event, were primarily related to 4, 5 and
6 years of past climate (including the year of tree desicca-
tion). Such long-term influences of climate have been attrib-
uted to the utilization by deep tap roots of moisture stored
underground within the critical zone, sustaining tree life in
drylands (Sarris and Christodoulakis 2024). However, our
study does not include direct measurements of soil moisture,
groundwater levels, or plant water sources. Therefore, the role
of deeper, root-accessible water stores is discussed here as a
plausible mechanism consistent with the observed multi-year
vegetation-climate associations, rather than as a demonstrated
causal driver. These moisture reserves are refilled over sev-
eral years of rainfall, while their depletion makes tree survival
under extreme drought very challenging (Sarris and Mazza
2021a; Sarris and Christodoulakis 2024). Only the decadal
vegetation responses of J. phoenicea coincided with sea-
sonal drought periods, particularly related to the wet season
months (December—February, October—March) e.g. during
1999-2008, 2000-2009. This indicates that J. phoenicea
was responding not only to cumulative water deficits but also
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to acute seasonal shortages. The above pattern suggests the
species’ reliance on surface and mid-depth water sources at
the site investigated. On the other hand, the deep root system
of Q. alnifolia appears to buffer short- to mid-term drought
impacts (Kolb and Stone 2000; Bello et al. 2019; Moreno-de-
las-Heras et al. 2023). This species typically manifests signs
of drought stress only under sustained and severe conditions,
without displaying early indicators during the initial stages of
soil moisture decline as has also been suggested for Q. ilex
(Peguero-Pina et al. 2023).

Our findings on the climatic signals that are related to
primary growth and mortality of dryland trees, monitored
via remote sensing, are in agreement with results that have
been based on secondary growth using ground based dendro-
chronological methods as mentioned in the literature above.
However, although the phenomenon is not observed for the
first time, it is the first time that it has been captured based
on primary productivity and by using satellite remote sens-
ing of vegetation. Past detection has been based on monitor-
ing secondary growth (tree rings) using dendrochronologi-
cal methods. These methods can be biased by the statistical
tools used to interpret the annual radial increment of trees
(Mazza and Sarris 2021). An independent approach based on
satellite remote sensing provides an additional, independent
line of evidence that is consistent with a storage-mediated
‘memory’ effect, whereby multi-year moisture deficits may
contribute to elevated mortality risk under extreme drought
in semi-arid forests. This reading is plausible in light of
regional evidence from the Eastern Mediterranean—tree-ring
and stable-isotope studies documenting multi-year climate
controls and species-specific rooting strategies (Sarris et al.
2007, 2013). Moreover, the strong performance of moisture-
and disturbance-sensitive indicators support their ability to
detect delayed canopy responses associated with sub-lethal
stress (Sheil 2018), which, although not immediately lethal,
progressively reduce tree vigor and increases vulnerability to
subsequent climatic extremes (Ariza Salamanca et al. 2019)
potentially linked to progressive depletion of deeper, plant-
accessible moisture within the critical zone.

In summary, and as a direct outcome of our research, a
major achievement will be the delineation of high-risk areas
using the most effective indicators identified in our analysis
to improve predictions of areas vulnerable to mortality; sub-
sequently, strengthening this tool through the development
of an innovative indicator with stronger correlations will
enable more reliable detection of tree mortality.

Conclusion
Our findings clearly outline that very severe drought condi-

tions below the —2 thresholds for the SPI-12 and the SPEI-12,
or —5 for the PDSI-12, exceed the capacity of J. phoenicea, P.

brutia and Q. alnifolia to sustain healthy stands in Cyprus i.e.,
at habitats representing the xeric limits of their natural dis-
tribution range in Europe. Very low precipitation appears as
the driving force of the phenomenon. However, starting from
the year of drought induced mortality and including the years
that followed, we identified that the annual response of these
species’ vegetation to such events was related to climate aver-
aged over 4 to 7 past years (including the year of monitoring)
depending on plant species. In these ecosystems, the annual
variability of leaf browning and defoliation is consistent with
long hydrological and/or ecological cycles. To our knowledge,
this is the first remote-sensing-based assessment documenting
robust multi-year associations between canopy condition and
prior climate in these semi-arid forests. We interpret this pat-
tern as a working hypothesis of a storage-mediated ‘memory’,
potentially involving deeper, root-accessible moisture within
the critical zone as surface pools are depleted during drought.
This remains an inference from remote-sensing indicators
rather than a direct observation of subsurface water storage.

Furthermore, our findings stress that the NBR and NDMI
were significantly connected with climatic variability, as
described by the SPI or SPEI for the J. phoenicea and by
the PDSI for the P. brutia, before and at the first years after
mortality has occurred. After some years have passed since
the year of mortality, our findings suggest that the decadal
response of vegetation to climate variability was better
described by the NDVI. It is most likely that these responses
are related to the browning of conifer leaves at the first
stages of drought impact, a phenomenon better captured by
NBR. Moreover, severe defoliation that occurs some years
after mortality affects the conifer stands appears to be better
captured by the NDVI and to a lesser extent by the SAVI.

Yet, the dense stands of the evergreen Q. alnifolia seem
to be difficult to monitor via the remote sensing vegeta-
tion indicators applied here. However, after mortality has
occurred within Q. alnifolia stands the NDVI provides the
highest accuracy. This is likely because the oaks experienced
more severe defoliation than the conifers and at a faster pace,
reducing their vegetation density at levels within which the
NDVI can function. Furthermore, this endemic to Cyprus
very deep-rooted oak likely has access to deep moisture
pools within the critical zone of the habitats investigated,
permitting high resilience to moderate drought. This in turn
does not appear to produce early signals of stress detectable
via satellite remote sensing. However, further research is
needed to explore the above hypothesis.

Overall, this study presents a novel and comprehensive
analysis, undertaken for the first time, by combining remote
sensing-derived with meteorological drought indicators at
long-term scales, to characterize tree mortality. By captur-
ing severe drought events and cumulative moisture deficits
together with their ecological consequences, our approach
provides key insights for regional drought assessment and
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long-term ecosystem monitoring. It underscores the critical
importance of distinguishing between gymnosperm from
angiosperm vegetation dynamics when assessing drought
impacts on forest ecosystems. It also highlights the different
detection capabilities of satellite remote sensing vegetation
indicators in such ecosystems under severe drought stress,
focusing on multi-year and remote sensing-based indicators
to effectively track drought impacts. A deeper understanding
of these complex interactions will inform drought mitiga-
tion strategies, enabling the incorporation of species-specific
responses and long-term climatic trends into forest manage-
ment and conservation planning in light of drought induced
mortality that is expected to affect more severely forest eco-
systems under climate change.
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