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Predicting tree mortality hotspots driven by drought remains challenging, since vulnerability to drought is
strongly influenced by climate, landform, and substrate. We propose a novel reference-anchored, quantile-en-
velope susceptibility model-implemented through a reproducible workflow- that exports mortality-resemblance
(high-risk) environments from three confirmed tree-mortality footprints (training AOIs), based on semi-arid
conifer and evergreen sclerophyllous forests in Cyprus, to produce wide screening layers. The approach com-
bines (i) physiographic similarity derived from AOI-calibrated envelopes for slope, multi-scale topographic po-
sition and curvature (broad quantiles; majority-rule), (ii) exposure constraints via circular aspect windows,
warm-season solar loading (April-September) and substrate (lithology) filtering, (iii) a drought severity gate
(SPEI-12 (Standardized Precipitation-Evapotranspiration Index-12) < -1.4), and (iv) Landsat event-year spectral
collapse relative to a fixed 3-year pre-event baseline, coupled with a year + 1 persistence rule to suppress
transient stress. Our within-AOI evaluation (forest-only) showed substantial representativeness (coverage
70.49-85.35%), while recovering most reference mortality pixels (recall 67.62-100%). In 2025, two independent
mortality sites were identified in Cyprus, coinciding with exceptional drought (SPEI < -2) and a sharp decline in
the Normalized Burn Ratio (NBR) consistent with foliage browning, and occurring within high-risk zones as
mapped in the final risk map. As a plausibility check, both 2025 sites fell within pre-mapped high-risk zones,
with 83.50% and 82.69% of their forested area exceeding HEAT > 0.60 and mean risk scores of 84.91% and
75.55%, respectively. With 18.88% of Cyprus’s total forest flagged as high-risk, the probability of this co-
occurrence being random is p ~ 0.036 (binomial test). Anchoring calibration to local mortality footprints
makes the approach readily transferable to other regions with documented events.

1. Introduction Schwantes et al., 2018), and solar radiation exposure (Guan et al., 2021;

Ma et al., 2023), often in combination (Dorman et al., 2015). Conse-

Climate warming is intensifying drought and heat extremes across
semi-arid and Mediterranean ecosystems, increasing the likelihood that
episodic climatic shocks translate into abrupt forest decline and tree
mortality (Allen et al., 2010; Carnicer et al., 2011; Sdnchez-Salguero and
Camarero, 2020). Mortality in these regions typically results from in-
teractions between climate anomalies and local controls on water
availability and energy balance, including topography (Paz-Kagan et al.,
2017; Sang et al., 2024), geological substrate (Nardini et al., 2024;
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quently, neighboring stands can follow contrasting trajectories during
the same event, from transient stress to persistent canopy loss,
depending on landscape position (Sarris and Christodoulakis, 2024).
Remote sensing provides multi-decadal records of canopy condition
through vegetation indicators sensitive to greenness and stress-related
spectral properties (Banskota et al., 2014; De Marzo et al., 2021; Eli-
ades et al., 2024; Tucker, 1979). However, converting indicator anom-
alies into actionable mortality-risk products remains challenging
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because different disturbance pathways (e.g., drought, fire, pests,
management) can produce similar spectral signals (Rodriguez Paulino
et al., 2024), and because recurrence of mortality is strongly mediated
by landscape structure, runoff potential, soil-moisture redistribution,
and microclimatic exposure rather than climate forcing alone (Breshears
et al., 2005; Gustafson and Sturtevant, 2013). This limits spatial prior-
itization for monitoring and intervention across heterogeneous forest
domains.

An environmental-envelope strategy can complement anomaly
detection by delineating mortality-prone settings based on the physio-
graphic and hydroclimatic conditions observed in confirmed mortality
footprints (Mbogga et al., 2010; Wiens et al., 2009). This yields a
“resemblance-zone” layer: areas environmentally analogous to known
mortality sites that also satisfy event-consistent evidence of stress and
post-event persistence. Such layers are not a substitute for field valida-
tion, but a screening product to prioritize surveillance and ground
checks toward the most plausible high-risk environments.

A key challenge is transferability: Areas of interest (AOIs)! with
confirmed mortality, often differ in morphology, substrate, and expo-
sure, so thresholds calibrated at one site may fail elsewhere (Regos et al.,
2019; Yates et al., 2018). Robust operational deployment, therefore,
requires anchoring to observed mortality environments while relaxing
overly strong assumptions to support generalization across unfamiliar
terrain and event contexts. Despite these advances, no operational
framework exists that simultaneously anchors mortality signatures to
confirmed footprints, accounts for physiographic landscape controls,
and transfers predictions across contrasting species and terrain settings
within a reproducible cloud-based workflow.

In this study, we develop and test a reference-anchored workflow/
model in Google Earth Engine (GEE) that delineates mortality-like
“high-risk areas” by integrating AOI-derived physiographic similarity
constraints, Landsat-based event-year spectral decline referenced to a
multi-year pre-event baseline, and a post-event persistence requirement,
applied within a national forest mask. We demonstrate the approach in
Cyprus using three AOIs with confirmed forest mortality spanning
contrasting landscape settings (Akamas, Stavrovouni and Machairas)
and two major drought-related mortality episodes (2008 and 2016).
Although the AOIs are dominated by different tree species, the com-
posite map is intended as a landscape-scale screening product for
drought-related mortality risk rather than a species-specific mortality
model.

The objective is to present a reference-anchored envelope-based
susceptibility model implemented in GEE that transfers a mortality
“signature” from confirmed mortality footprints to a broader forest
domain.

This study addresses three research questions:

1. To what extent can signatures from confirmed mortality events
predict near-future high-risk areas beyond the AOIs?

2. What is the optimal tradeoff between sensitivity and specificity for
the majority rule?

3. Which predictors contribute most to performance, and which are
weak or site-dependent?

To support practical use, we frame evaluation around two comple-
mentary measures-within-AOI forest representativeness (spatial
coverage) and sensitivity to confirmed mortality pixels (recall), and
propose a conservative reliability gate: a map should exceed 60% in both
metrics before being treated as an actionable high-risk product for
management-oriented screening.

! For a complete explanation of all the acronyms and abbreviations, the
reader is referred to the Appendix.
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2. Methodology
2.1. Study areas

The analysis focused on three forested areas in Cyprus: Akamas
(J. phoenicea), Stavrovouni (P. brutia), and Machairas (Q. alnifolia). The
sites span contrasting biophysical settings (elevation, slope, aspect, and
geological substrate; mapped lithology) and include documented epi-
sodes of tree mortality or severe canopy decline during the study period.
For each area, summary terrain metrics (elevation, slope, aspect, terrain
position, and curvature) were computed to characterize local conditions
and support the derivation of environmental thresholds. The three sites
differ markedly in elevation (Stavrovouni: ~270-316 m a.s.l.; Akamas:
low-to-mid elevation; Machairas: 1,005-1,267 m a.s.l.), slope (gentle at
Stavrovouni 1-26°; moderate at Akamas 2-27°; steep at Machairas 16-
41°), aspect (northeast-facing at Stavrovouni; south-southeast at Aka-
mas; east-northeast at Machairas), geological substrate (biocalcarenites
at Stavrovouni; ophiolitic diabase at Akamas; greywacke/marls at
Machairas), and dominant tree species (P. brutia, J. phoenicea, and
Q. alnifolia, respectively) (Table 1).

2.2. Data sources and preprocessing

2.2.1. Remote sensing data and preprocessing

We used annual time series (1984-2022) of vegetation and struc-
ture/severity indicators derived from medium-resolution multispectral
Landsat imagery. Annual mean NDVI (Normalized Difference Vegeta-
tion Index) was calculated for Machairas, while annual mean NBR
(Normalized Burn Ratio) was calculated for Akamas and Stavrovouni
(Eliades et al., 2026). For each protected area and year, we merged
Landsat 5 TM, Landsat 7 ETM+, Landsat 8 OLI, and Landsat 9 OLI-2
Collection 2 Level-2 surface reflectance data, applied Collection 2
radiometric scaling to optical bands, harmonized band names across
sensors, and masked clouds/cloud shadows using the QA_PIXEL bit-
mask (cloud bit 3; cloud-shadow bit 4). Cloud-free observations within
each calendar year were aggregated into an annual per-pixel mean
composite, and the spatial mean index value within each AOI was
extracted using a mean reducer at 30 m resolution (scale = 30 m).

Table 1
Original topographic, solar and drought thresholds defining mortality signatures
in the three study areas.

Category Variable Area 1 Area 2 Area 3
Remote Average_NBR —35.8 —35.8
Sensing
Indicator
Remote Average_NDVI —-18.9
Sensing
Indicator
Drought SPEI12m_max -1.4 -1.4 —-1.4
(SPEID)
Solar exposure SOLAR_IDX_min 0.70 0.87 0.66
Topography — TPI1000_min —62.33 —26.20 —138.13
TPI1000
Topography — TPI1000_max 44.46 20.72 123.61
TPI1000
Topography — TPI300_min —44.47 -22.19 —93.33
TPI300
Topography — TPI300_max 37.08 18.21 91.86
TPI300
Aspect aspect_center_deg 144.50 21.55 74.23
Aspect aspect_halfwidth_deg 53.56 58.60 24.91
Curvature curv8_min —100.00 —100.00  —100.00
Curvature curv8_max 66.66 69.56 100.00
Slope slope_min_deg 2.00 1.00 16.00
Slope slope_max_deg 27.00 26.00 41.00
Geology geology_codes [34, 37, [5] [34]
10]
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2.2.2. Drought index

To characterize interannual drought variability, we used the SPEI
aggregated over a 12-month time scale (SPEI-12) (Vicente-Serrano et al.,
2010). For each protected area, we extracted annual SPEI-12 values
(CSIC/SPEL/2_10) for the same period as the remote-sensing data and
computed a continuous time series of mean annual drought conditions.
Input climate data (precipitation and temperature) used to derive SPEI
were obtained from the Cyprus Department of Meteorology. These series
were later used to constrain “where-else” predictions to years and lo-
cations experiencing comparable drought stress to the reference mor-
tality events.

2.3. Definition of reference mortality signatures

For each case-study area, we defined one “authentic” mortality event
year based on documented episodes of extensive canopy decline: 2016
for Akamas (NBR), 2008 for Stavrovouni (NBR), and 2008 for Machairas
(NDVI). Using annual mean Landsat indicator time series, we quantified
a reference-anchored mortality signature relative to a three-year pre-
event baseline, selected to reduce interannual noise while avoiding
longer windows that may blend distinct hydroclimatic regimes or
longer-term trends. Baseline conditions were computed as the mean
annual NDVI/NBR over (event year —3) to (event year —1) (see Julio
Camarero et al., 2018). Event impact was expressed as (i) A (event —
baseline) and (ii) drop_pct = (delta / baseline) x 100. To
capture short-term persistence, we computed an analogous post-event A
for event year + 1 relative to the same pre-event baseline (post + 1 —
baseline), representing continued degradation (Hawbaker et al., 2017).
All baseline and change metrics were calculated as mean values within
the mapped confirmed mortality footprints (forest mortality patches)
and used to define the “authentic” reference signature for each area
(baseline, event drop_pct, and post-event persistence A) together with
the corresponding indicator (NDVI or NBR).

Baseline length can influence A under inter-annual variability.
However, in our framework, the baseline is part of a reference-anchored
signature and is re-estimated together with the derived thresholds when
the baseline window is changed. In addition, the final resemblance
masks are constrained by multiple independent filters (e.g., topography,
SPEl/seasonal drought constraint, solar exposure, geological substrate
(lithology), and post-event persistence), which.

2.4. Topographic covariates associated with canopy mortality

These covariates describe broad-scale landscape position (elevation,
topographic position, and curvature) and local energy/moisture envi-
ronments (slope, aspect, and potential solar loading). Slope governs
surface runoff rates and erosion potential (Schwantes et al., 2018), TPI
distinguishes water-accumulating valley positions from moisture-
limited ridges (Huesca et al., 2021), and curvature controls lateral
water redistribution across the hillslope (McLaughlin et al., 2020).
Together, these terrain attributes serve as proxies for the ecohydro-
logical processes that mediate stand-level soil moisture availability and,
ultimately, vulnerability to drought-induced mortality (Paz-Kagan et al.,
2017; Dorman et al., 2015).

2.4.1. Topographic position index

TPI was computed as the difference between focal-cell elevation and
neighborhood mean elevation at two spatial scales: a local TPI using a
300-m neighborhood (TP1300) and a meso-scale TPI using a 1,000-m
neighborhood (TPI1000). Positive TPI values denote terrain higher
than its surroundings (ridges/upper slopes), values near zero indicate
mid-slope positions, and negative values indicate depressions/valley
bottoms; we used TPI300 and TPI1000 to assess how local versus meso-
scale topographic position modulates stand-level water-stress exposure
and associated tree mortality (Huesca et al., 2021).
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2.4.2. Curvature metric

Curvature was quantified using an eight-neighbor Laplacian operator
applied to the DEM (curv8). Positive curv8 values therefore, corre-
spond to locally convex terrain (e.g., spurs and crests), whereas negative
values indicate locally concave terrain (e.g., hollows, small drainage
lines or toe slopes) that are more likely to concentrate water and cold air.
Values close to zero represent relatively planar surfaces (Salekin et al.,
2019).

2.4.3. Elevation

We extracted elevation from the COPERNICUS/DEM/GLO30
(Copernicus Data Space Ecosystem, 2026) and summarized its distri-
bution within the canopy-mortality AOIs. Elevation was treated as a
continuous proxy for macroclimatic forcing and broad gradients in soil
development and vegetation composition (Gea-Izquierdo et al., 2014).
For each study area, we reported the minimum, maximum and standard
deviation of elevation for pixels within mapped mortality patches, using
these statistics to describe the typical altitudinal band and, where rele-
vant, to define optional elevation envelopes (e.g., mean + 1 SD) for
extrapolation.

2.4.4. Slope

Local slope was derived from the same DEM (degrees). For each
event we summarized slope within the mortality AOI by mean, standard
deviation and range and used these summaries to define slope envelopes
(e.g., mean + 1 SD) (Schwartz et al., 2020).

2.4.5. Aspect

Aspect was computed from the DEM (0-360°, 0° = north). We con-
verted aspect to eastness and northness and used these to compute cir-
cular statistics (mean direction and dispersion) (Amatulli et al., 2018).
These parameters were translated into aspect windows (e.g., mean +
one circular standard deviation) and used as part of the multi-criteria
“likeness” masks.

2.4.6. Potential solar exposure

We derived a dimensionless solar exposure index (SOLAR_IDX) from
latitude, slope and aspect using the cosine of the incidence angle,
truncated to [0,1]. Monthly SOLAR_IDX images were calculated for
1992-2020 and aggregated to seasonal means for April-September
(Baguskas et al., 2014).

2.4.7. Geological substrate and soil-forming environment

We intersected each protected area with a national geological map
and treated mapped geological substrate (bedrock lithologies and
mapped surficial/unconsolidated deposits) as a proxy for parent mate-
rial and soil-forming environment (McLaughlin et al., 2020). Vector
polygons were recoded into a categorical “substrate (lithology) code”
layer (see Supplementary Table S2). For each event, we identified the
dominant substrate underlying mortality patches (greatest areal share).
Geological data were obtained from the Geological Survey Department
of Cyprus (Camera et al., 2017).

2.5. Deriving mortality signatures and thresholds using GEE

All steps described in Sections 2.2-2.4 were implemented in Google
Earth Engine (GEE) and executed at 30 m over the national forest
domain. Analyses were conducted separately for three AOIs in Cyprus
(Akamas-Areal, Stavrovouni-Area2, Machairas-Area3; Fig. 1), each
anchored to a documented canopy-mortality event year (Areal: 2016;
Area2: 2008; Area3: 2008) and its corresponding Landsat indicator
(NBR for Areas 1-2; NDVI for Area3).

For each AOI, the reference mortality signature was quantified
within the mapped confirmed mortality footprints using the baseline
and change metrics defined in Section 2.3, while terrain, solar exposure,
seasonal drought and lithology covariates (Section 2.4) were
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Fig. 1. The morphological map of Cyprus, with selected study areas: Akamas (Areal), Stavrovouni (Area2), and Machairas (Area3).
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summarized over the same footprint to parameterize reference-
anchored similarity constraints. These constraints were then applied
across the wider forest domain to delineate “where-else” forest pixels
exhibiting environments consistent with the reference mortality setting
(Fig. 2).

Workflow inputs/outputs and metrics are summarized in Supple-
mentary Table S3, and all reproducibility scripts and parameters are
provided in the Code Availability statement.

2.6. Threshold definition using quantile-based environmental envelopes

In a first step, we derived AOI-specific environmental thresholds for
non-remote-sensing predictors. Continuous topographic variables
(slope, TPI 300/1,000 m, curvature) were constrained using central
quantile envelopes (0.05-0.95), whereas aspect, solar exposure, SPEI,
and lithology were handled with variable-specific rules tailored to each
AOI (Farber and Kadmon, 2003). Elevation was omitted due to collin-
earity with the seasonal SPEI constraint. Details of the threshold
formulation and parameterization follow.

Aspect was treated as a circular variable to avoid discontinuities
around 0°/360°. For each AOL, we computed the circular mean direction
and circular dispersion of terrain aspect and used these statistics to
define a reference-anchored orientation window. Pixels were retained
when their aspect fell within a circular sector centered on the AOI cir-
cular mean, with sector width proportional to the AOI circular disper-
sion and scaled by a factor K (>1 in the current configuration) to widen
the acceptable orientation range while remaining anchored to AOI-
specific exposure.

A scaling factor of K = 1.5 was selected because it expands the aspect
window to nearly the full directional range, preventing aspect from
acting as an overly restrictive filter in heterogeneous terrain. This
parameter is made available to end users for adjustment. The quantile
bounds (0.05-0.95) were selected to exclude extreme outliers while
retaining 90% of AOI physiographic conditions; narrower bounds
(0.10-0.90) were found to reduce spatial coverage below the 60% reli-
ability gate. The relax_drop_factor (0.60) and relax_persist_factor (0.50)
were determined through iterative adjustment to maintain coverage and
recall above the 60% reliability gate across all three AOIs, their sensi-
tivity is reported in Supplementary Table S4.

Solar exposure was represented by a topo-aware SOLAR_IDX from
0 to 1, combining latitude, slope and aspect with the seasonal position of
the sun. Monthly SOLAR_IDX layers were aggregated over April-
September to obtain a seasonal mean. Within each AOI, SOLAR_IDX
was summarized and an AOI-specific lower bound was defined as p-oc;
candidate pixels were required to exceed this minimum seasonal
SOLAR_IDX (applied for Areal and Area3 in the current configuration).

Meteorological drought was incorporated using the SPEI-12. For each
event year, we derived an April-September mean SPEI-12 composite and
imposed a spatially uniform threshold of SPEI < -1.4 (derived empiri-
cally as the minimum seasonal SPEI value recorded across the confirmed
mortality AOIs during the 2008 and 2016 events; Eliades et al., 2026) to
restrict analyses to strongly water-limited conditions. This threshold is
an adjustable parameter in the model, allowing end users to tighten or
relax it depending on the target application.

Geological substrate (mapped lithology) was used as a constraint on
substrate similarity. Each AOI was intersected with the national
geological map, and the areal contribution of each lithological class was
computed (pixel area). The three dominant lithological classes (top
three by area) were retained.

In practice, the remaining continuous predictors were thresholded
using AOI-specific empirical quantiles. For each AOI, we summarized
the within-forest distributions of the relevant variables and used central
quantile intervals to construct data-driven environmental envelopes
(0.05-0.95 in the current configuration), thereby retaining the domi-
nant range of conditions while excluding extreme outliers.

Quantiles provide a non-parametric, distribution-free summary that
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is robust to skew and outliers and assumes no normality, offering stable
thresholds across heterogeneous terrain (Wasserman, 2004).

Here, quantile-based envelopes were applied to slope, topographic
position indicators (TPI at 300 m and 1,000 m) and curv8. These
envelopes were then combined with the variable-specific constraints
described above to parameterize the final AOI-specific environmental
similarity masks (Farber and Kadmon, 2003).

2.7. Evaluation and validation of final mortality-risk maps

Evaluation (recall and spatial coverage) of the final mortality-risk
maps were performed at the AOI level, under the working assumption
that each reference AOI represents a fully affected mortality footprint
within the forest domain. The reference (hereafter the ground-truth
mask, denoted truth) for all calculations was therefore defined as the
AOI geometry intersected with the national 30-m forest mask (truth =
AOI N forest). All metrics were computed forest-only and within each
AOI so that the reported values quantify how completely the final
“where-else” masks recover the known affected footprint inside the
corresponding AOI. To improve robustness and transferability of the
mortality-resemblance signature across heterogeneous semi-arid
terrain, we additionally applied a majority rule (Radoux and Bogaert,
2017).

Recall summarizes footprint recovery in pixel space. It was computed
as the proportion of forest pixels inside the AOI that are also flagged by
the predicted mask (pred N truth divided by truth, where truth = AOI N
forest). Higher recall therefore indicates that the final mask captures a
larger fraction of the affected AOI footprint (Maxwell et al., 2021).

Spatial coverage was quantified using an area-overlap metric within
each AOL Specifically, we calculated the fraction of the AOI's forest area
that is covered by the predicted mask, using per-pixel area weights. This
provides an area-based summary of footprint recovery that is less sen-
sitive to small pixel-count differences along AOI boundaries and mask-
ing artefacts. Because the reference is defined as “AOI N forest” on a
fixed 30 m grid, recall (pixel-count recovery) and area-overlap spatial
coverage (area-weighted recovery) are expected to be similar; we report
both to provide parallel summaries that are differentially sensitive to
minor boundary and masking effects (Maxwell et al., 2021).

Majority rule is used to increase the robustness and transferability
(Chen et al., 2018) of the mortality-resemblance signature across het-
erogeneous semi-arid terrain. Because individual topographic predictors
can be locally noisy or scale-sensitive (and some are partially redun-
dant), requiring every constraint to be satisfied would make the enve-
lope overly strict, fragment predictions and inflate false negatives when
exported beyond the calibration AOL By retaining pixels that satisfy at
least 60% of the enabled terrain criteria, the method preserves the
dominant physiographic “backbone” of the tree mortality setting while
tolerating limited local departures, yielding more coherent and opera-
tionally useful high-risk screening maps.

To assess the transferability of spectral decline thresholds across
sites, a leave-one-AOI-out cross-validation was conducted. In each fold,
the event drop threshold was derived exclusively from the two
remaining AOIs, and the held-out AOI was used for evaluation. Topo-
graphic envelopes were retained as AOI-specific by design, as they
capture the physiographic template of each confirmed mortality foot-
print rather than a transferable threshold. Area3 (Machairas,
Q. alnifolia) could not be held out under this design, as it is the sole
NDVI-based calibration site; this constitutes an acknowledged limita-
tion. Results are reported in Table 4.

2.8. Heatmap-derived intensity and polygon-level risk metrics

A heatmap-derived relative intensity index (HEAT; 0-1) was gener-
ated as a kernel density estimation (KDE)-based pressure surface for out-
of-sample evaluation. This surface represents spatially smoothed con-
centration (i.e., proximity to and embedding within detected clusters),



F. Eliades et al.

highlighting potentially vulnerable areas (Silverman, 2018; Wand and
Jones, 1994). Heatmap was summarized over the forested area within
each target polygon using: (i) MeanRisk (%), defined as 100 x mean
(HEAT) within the polygon, and (ii) Hotspot share (%), defined as the
percentage of forested area exceeding high-intensity thresholds (HEAT
> 0.60 for high intensity and HEAT > 0.80 for very high intensity/
hotspots).

For out-of-sample validation, the KDE smoothing kernel used a
deliberately strict, small screen-space radius (2 km, 6 =r / 3), yielding a
conservative intensity surface with limited spatial diffusion. The
smoothed surface was then rescaled to a relative intensity index (HEAT,
0-1) using a robust percentile stretch (P2-P98) and an optional gamma
adjustment (y = 1.0) prior to polygon-level summarization. This com-
bination reduces overgeneralization beyond detected clusters and pro-
vides a more demanding basis for polygon-level risk assessment.

3. Results

3.1. Drought, topography and remotely sensed tree mortality in semi-arid
regions

3.1.1. Data-driven physiographic, spectral and climatic characteristics of
mortality footprints

The three mortality footprints span contrasting physiographic set-
tings (Table 1). Akamas (J. phoenicea) is characterized by gentle to
moderate south-southeast-facing slopes on ophiolitic substrate, with a
mean NBR decline of —35.8% during the 2016 event. Machairas
(Q. alnifolia) occupies steep east-northeast-facing high-elevation terrain
on greywacke substrate, with a mean NDVI decline of —18.9% during
the 2008 event. Stavrovouni (P. brutia) is confined to a narrow low-
elevation belt on biocalcarenite substrate, with gentle northeast-facing
slopes and a mean NBR decline of —16.9% during the 2008 event. Full
threshold details are reported in Table 1.
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3.2. Environmental envelopes of mortality-prone conditions across the
semi-arid region footprints

Across the three semi-arid region footprints, the mortality-prone
envelopes are reported for the dominant target species at each AOI:
Akamas (J. phoenicea), Machairas (Q. alnifolia), and Stavrovouni
(P. brutia) (Fig. 1). Site-level relaxed envelopes are presented for each
AOI and are additionally synthesized in the composite Fig. 3, where the
three region footprints are merged to produce a single layer of mortality-
like “high-risk areas” for the overall study area experiencing elevated
drought pressure.

The relaxed envelope parameters for each AOI are summarized in
Table 2. Across all three sites, the relaxed configuration applies quantile
bounds of 0.05-0.95, a majority rule (RELAX) with relax K = 1.5, a

Table 2
Quantile-based environmental mortality thresholds across the three study areas.

Category Variable Area 1 Area 2 Area 3

Algorithm mode RELAX

Quantile Q_low 0.05 0.05 0.05

Quantile Q_high 0.95 0.95 0.95

Drought (SPEI) SPEI_thr_all —1.40 —1.40 —1.40

Solar exposure SOLAR_IDX_min 0.70 0.86 0.66

Solar exposure SOLAR_IDX_max 0.99 0.99 0.99

Topography — TPI1000_min 21.69 —41.06 -63.80
TPI1000

Topography — TPI1000_max 85.49 -23.14 115.10
TPI1000

Topography — TPI300_min —12.55 —-11.20 -66.16
TPI300

Topography — TPI300_max 30.25 5.82 40.38
TPI300

Aspect aspect_center_deg 145.21 21.07 74.07

Aspect aspect_halfwidth_deg 80.35 87.94 37.37

Curvature curv8_min —100.00 —86.31 —100.00

Curvature curv8_max 100.00 78.38 100.00

Slope slope_min_deg 1 3 22

Slope slope_max_deg 22 10 34

Geology geology_codes [34, 37, [5]1 [34]

10]

Mortality-risk
class shading

Low risk

. High risk

Fig. 3. High-risk area of mortality derived by merging the three AOI footprints: Akamas (J. phoenicea), Stavrovouni (P. brutia), and Machairas (Q. alnifolia), based on

the relaxed environmental-envelope criteria.
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uniform SPEI-12 drought gate of — 1.40, and spectral thresholds relaxed
via relax_drop_factor = 0.60 and relax_persist_factor = 0.50. Site-specific
differences are confined to the aspect envelope (centered on the AOI
circular mean direction), the solar exposure threshold (reflecting con-
trasting topographic exposures), the geological substrate codes, and the
topographic position ranges. Site-level relaxed envelopes are illustrated
in Fig. 1 and synthesized in Fig. 3, where the three footprints are merged
to produce a composite high-risk layer intended to support hotspot
detection and monitoring prioritization across the study domain, rather
than to estimate species-specific mortality rates or enable inter-species
vulnerability comparisons.

3.3. Accuracy and assessment of mortality-prone mapping across sites

We evaluated the final mortality-prone mapping using the relaxed
environmental envelope, which is the configuration used to generate the
“resemblance-zone” masks.

As a descriptive measure of how broadly the relaxed envelope ex-
tends within the training AOIs, we quantified the fraction of forested
area inside each AOI that is flagged by the relaxed mask (forest-only).
Spatial coverage within the AOIs (Table 3) was 85.35% for Akamas
(Areal), 71.38% for Stavrovouni (Area2) and 70.49% for Machairas
(Area3). (For comparison, the strict configuration covered 0.00%,
1.22%, and 21.57% of forest area in Areal, Area2 and Area3,
respectively.).

Leave-one-AOI-out cross-validation results are reported in Table 4.
Under Fold 1 (Areal held out, calibrated from Area2 only), coverage and
recall remained at 85.35% and 100.00%, respectively, showing no
degradation relative to the full model. Under Fold 2 (Area2 held out,
calibrated from Areal only), coverage and recall were 61.89% and
70.01%, both remaining above the 60% reliability gate.

As a percentage of pixels, we computed recall, defined as the number
of true-positive pixels divided by the total number of reference mortality
pixels. Under the relaxed configuration, recall (see Table 3) was
100.00% for Areal, 85.95% for Area2 and 67.62% for Area3 (under the
strict configuration, recall was 11.71%, 4.16%, and 0.00% for Areal,
Area2 and Area3, respectively).

3.4. Role of single topographic predictors in mortality risk

Under the majority-rule implementation of the relaxed environ-
mental envelope (>60% of enabled topographic criteria required per
pixel), single-feature diagnostics show that slope, multi-scale topo-
graphic position (TPI_300, TPI_1000) and curvature (curv8) exert
the strongest and most consistent control on the relaxed classification,
whereas aspect is secondary and strongly site-dependent.

For Akamas (Areal), intersecting the relaxed mask with SLOPE,
TPI_300, TPI_1000 or curv8 yields spatial coverage =
63.07-85.35% and captures most of the mortality reference within the
AOI (recall = 76.29-79.71%). In contrast, ASPECT alone is weaker
(spatial coverage = 65.63%, recall = 45.14%), indicating that the
relaxed envelope is not primarily shaped by orientation constraints at
this site (Table 5).

Stavrovouni (Area2): All five topographic predictors show moderate-
to-strong alignment with the relaxed solution. Single-feature in-
tersections give spatial coverage = 31.71-71.38% and recover
62.29-67.76% of mortality pixels (recall), with curvs yielding the

Table 3
Forest-only coverage/spatial coverage (% of AOI forest flagged) and recall (% of
reference mortality pixels captured) under the relaxed envelope, by AOL

Area Spatial Coverage (% of forest AOI) Recall (pixels)
Akamas 85.35 100.00
Stavrovouni 71.38 85.95
Machairas 70.49 67.62
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Table 4
Leave-one-AOI-out cross-validation results for spectral threshold transferability.

Fold Area Species Spatial Coverage (%) Recall (%)
1 Akamas J. phoenicea 85.35 100.00

2 Stavrovouni P. brutia 61.89 70.01

3 Machairas Q. alnifolia N/A* N/A*

* Sole NDVI-based calibration site; leave-one-out not applicable.

Table 5
Single-feature diagnostics for the RELAX majority-rule envelope (>60% criteria
satisfied per pixel) by AOL Bold recall values indicate recall < 60%.

Area Feature Spatial Coverage % Recall %
Akamas (Area 1) ASPECT 65.63 45.14
SLOPE 63.07 79.71
TPI_300 71.17 76.29
TPI_1000 73.14 76.29
CURVS8 85.35 79.71
Stavrovouni (Area 2) ASPECT 61.23 62.29
SLOPE 31.71 65.75
TPI_300 51.03 64.50
TPI_1000 60.58 64.50
CURV8 71.38 67.76
Machairas (Area 3) ASPECT 70.50 58.40
SLOPE 67.29 68.43
TPI_300 64.05 68.43
TPI_1000 57.99 68.43
CURVS8 70.50 68.43

highest recall (67.76%) and the highest spatial coverage (71.38%)
(Table 5).

Machairas (Area3): ASPECT performs comparatively weaker in recall
(spatial coverage = 70.50%, recall = 58.40%), while SLOPE,
TPI_300, TPI_1000 and curv8 dominate: each reaches spatial
coverage = 57.99-70.50% and recall = 68.43%. Overall, these di-
agnostics indicate that the relaxed “mortality-prone” envelope is driven
mainly by terrain steepness, multi-scale topographic position and cur-
vature (Table 5).

3.5. Evidence of transferability: Independent 2025 mortality captured by
the event-anchored high-risk envelope

Beyond the within-AOI diagnostics, the relaxed reference-anchored
framework provides an independent, post-calibration confirmation of
transferability. Specifically, mortality polygons documented in 2025 at
Orkonta-Kambos tis Tsakistras (OKT) (35.0739° N, 32.8257° E; WGS84)
and Pyrgos-Kambos tis Tsakistras (PKT) (35.1056° N, 32.7511° E;
WGS84) are fully contained within the spatial footprint that had already
been delineated as high risk by envelopes calibrated exclusively on the
2008 and 2016 mortality signatures (Fig. 4). The mapped mortality-
affected surface area was 214,333 m2 in OKT and 16,867 m2 in PKT.
At the domain scale, the vulnerable areas (HEAT > 0) cover 18.88% of
Cyprus’s total forest area, while only 8.28% and 4.35% fall within the
high-intensity classes HEAT > 0.60 and HEAT > 0.80, respectively,
providing context for the within-polygon HEAT intensities reported
below (Table 6).

The hydroclimatic context of the 2025 decline further aligns with the
drought constraint embedded in the framework. The 12-month SPEI
time series derived from the Stavros tis Psokas meteorological station
(closest station to both independent mortality sites surveyed in 2025)
indicates a prolonged drying phase initiating in 2021 and culminating in
2025, when SPEI dropped below —2 (extreme negative anomalies;
Fig. 5).

This minimum exceeds the calibrated drought gate (SPEI < -1.4)
derived from the 2008 and 2016 mortality episodes, indicating that the
2025 event unfolded under hydroclimatic forcing that matches, and in
several periods surpasses, the historical drought conditions associated
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Fig. 4. Spatial footprint of the relaxed, reference-anchored high-risk envelope calibrated on the 2008 and 2016 mortality signatures, overlaid with polygons
delineating the 2025 mortality-affected areas: (1) OKT, (2) PKT, and (3) dark-green polygons showing the mortality-affected areas mapped across the study region.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 6
Domain-scale coverage of HEAT classes over forested area: proportion of forest
pixels with HEAT > 0, HEAT > 0.60, and HEAT > 0.80.

High-intensity
footprint (HEAT >

High-intensity
footprint (HEAT >

High-intensity
footprint (HEAT >

0) 0.60) 0.80)
Cyprus 18.88 8.28 4.35
Forests
(Area %)

with the reference mortality signatures (Fig. 5).

To independently corroborate the field observations using EO time
series, we computed NBR over the 2025 affected zones and compared
event-year behavior to the fixed pre-event baseline used for AOI signa-
ture extraction. The NBR series exhibits a sharp and unusually large
negative excursion from 2021 to 2025 (i.e., a step-like spectral collapse),
consistent with abrupt canopy degradation and mortality rather than
transient stress (Fig. 6). Importantly, the timing of the strongest NBR
decline coincides with the SPEI minimum (Fig. 5), supporting a coupled
drought-canopy response during the 2025 episode.

3.6. Heatmap-derived relative risk within OKT and PKT

Heatmap (HEAT) metrics indicate that both 2025 mortality polygons
are largely embedded within high-intensity hotspot clusters. PKT

yielded a MeanRisk of 75.55%, with 82.69% of its forested area
exceeding HEAT > 0.60 and 0% exceeding HEAT > 0.80. OKT exhibited
a higher MeanRisk of 84.91%, with 83.50% of its forested area above
HEAT > 0.60 and 61.92% above HEAT > 0.80 (Table 7). Overall, OKT
shows consistently higher heatmap intensity than PKT, indicating
stronger embedding within the highest-density hotspot core.

4. Discussion

4.1. Rationale for the > 60% majority rule and sensitivity to threshold
choice

The > 60% majority rule provides a pragmatic balance between
ecological plausibility and transferability in heterogeneous Mediterra-
nean terrain. At 50%, pixels can pass with only half the physiographic
constraints, yielding a permissive envelope where partially overlapping
predictor combinations allow “easy” constraints to dominate, weak-
ening interpretability and increasing the risk of mapping generic semi-
arid forest conditions rather than the AOI mortality setting.
Conversely, 70-80% becomes effectively intersection-like and overly
sensitive to micro-site variability and single-predictor mismatches (e.g.,
exposure), driving systematic omission and, in some AOIs, coverage/
recall <~50%. Thus, >60% is the most robust compromise (Shearman
et al., 2019). To formally evaluate this choice, we conducted a sensi-
tivity analysis across four majority-rule thresholds (20%, 40%, 60%, and
80%) and report coverage and recall for each AOI (Supplementary
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Fig. 5. Twelve-month SPEI time series from the Stavros tis Psokas meteorological station, indicating a prolonged drying phase culminating in severe drought con-
ditions in 2025. Red dot line is the SPEI = -1.4. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

Table S5). At 20% and 40%, coverage and recall improve marginally
relative to 60% (e.g., Stavrovouni coverage: 79.77% vs. 71.38%; recall:
92.00% vs. 85.95%), but these thresholds require only one or two of five
physiographic criteria to be satisfied, substantially weakening the
discriminative power of the multi-factor signature. At 80%, performance
degrades markedly, particularly in Stavrovouni (coverage: 50.12%;
recall: 71.14%) and Machairas (recall: 57.59%), both falling below the
60% reliability gate proposed for actionable screening layers. This
confirms that > 60% represents the optimal balance between sensitivity
and specificity across all three AOIs.

A complementary sensitivity analysis of the spectral relaxation pa-
rameters (relax_drop_factor and relax_persist_factor) is reported in Sup-
plementary Table S4. The relax persist factor shows negligible
sensitivity across the range 0.40-0.60, while increasing relax -
drop_factor to 0.70 causes coverage to fall below the 60% reliability gate
in two AOIs. The selected values are therefore the most conservative
combination that maintains all AOIs above the reliability gate.

4.2. Relaxed resemblance zones: Recall and AOI spatial coverage

Using the relaxed environmental envelope, the final mortality-prone
mapping showed strong alignment with the three calibration sites
(Table 3). Spatial coverage and recall were consistently above the 60%
reliability gate across all AOIs, indicating that the relaxed envelope
spans broad physiographic space consistent with AOI conditions rather
than being restricted to small idiosyncratic patches. Importantly, spatial
coverage and recall are not expected to match numerically: spatial
coverage quantifies the area fraction of AOI forests flagged by the model,
whereas recall measures overlap against the mortality reference mask;
the two metrics can diverge substantially depending on how the refer-
ence is defined and at what spatial support the overlap is computed.

We acknowledge that this evaluation is AOI-internal: the resem-
blance envelope is derived from and tested on the same footprints,
which constitutes a form of circularity. The leave-one-AOI-out cross-
validation partially addresses this by evaluating spectral threshold
transferability across independent sites and species (Table 4). Both held-
out AOIs retained coverage and recall above the 60% reliability gate
(Fold 1: Areal, 85.35% and 100.00%; Fold 2: Area2, 61.89% and
70.01%), supporting the operational utility of the framework beyond the
calibration footprint. The scope of this cross-validation should none-
theless be stated explicitly: it tests only the transferability of the spectral
decline thresholds, while the AOI-specific topographic envelopes are

retained by design and are therefore not cross-validated, and Area3 (the
sole NDVI-based, weakest-performing site) is excluded because it cannot
be held out. The validation consequently rests on two NBR-based folds
and probes roughly half of the full pipeline rather than its topographic or
NDVI components. The transferability evidence should be read
accordingly.

4.3. A transferable drought-mortality signature confirmed in 2025

A key finding is that the AOI templates derived from the 2008
(Stavrovouni, Machairas) and 2016 (Akamas) events were not only
internally coherent, but were also corroborated by two independent
mortality occurrences in 2025 within areas prospectively flagged as
priority locations. In both 2025 polygons, the screening signal was un-
ambiguous: in PKT, 82.69% of the forested area exceeded HEAT > 0.60,
but 0% exceeded HEAT > 0.80, with MeanRisk = 75.55%. In OKT,
83.50% of the forested area exceeded HEAT > 0.60 and 61.93%
exceeded HEAT > 0.80, with MeanRisk = 84.91%. These values suggest
that the 2025 occurrences were overwhelmingly concentrated within
high-intensity hotspot zones, consistent with the hypothesis that
reference-anchored physiographic similarity (quantile envelopes and a
> 60% majority rule), combined with the same process-consistent con-
straints used to define the 2008/2016 signatures (drought gating and
decline persistence), can delineate areas where mortality-like outcomes
may emerge under exceptionally strong drought forcing (SPEI). In this
sense, the 2025 episode serves as an out-of-sample plausibility check,
strengthening the interpretation of our outputs as actionable surveil-
lance layers for prioritizing monitoring and targeted field verification
rather than purely descriptive reconstructions of past events. To assess
whether this co-occurrence is statistically meaningful, a binomial test
was conducted. With 18.88% of Cyprus's total forest area flagged as
high-risk (HEAT > 0), the probability that both independent 2025 sites
would fall within the flagged zone by chance is 0.18882 ~ 0.036 (p <
0.05), suggesting the overlap is unlikely to be random.

4.4. Implications for upscaling and “average thresholds” beyond the
employed AOIs

The concurrent pattern of high within-AOI coverage and strong
overlap with observed mortality (most notably in Areas 1-2) suggests
that the relaxed physiographic envelope is well matched to its intended
role: transferring a mortality-prone “resemblance” prior to landscapes
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Fig. 6. NBR time series for (1) OKT and (2) PKT. Both sites show a sharp negative excursion culminating in 2025 relative to the pre-event baseline, consistent with

rapid canopy degradation/mortality rather than transient stress.

Table 7

MeanRisk (%) is the mean HEAT value scaled to 0-100. High-intensity area (%)
reports the proportion of forested area exceeding HEAT > 0.60 and HEAT >
0.80.

Affected Area MeanRisk High-intensity area High-intensity area
(%) over 60% (%) over 80% (%)
Pyrgos-Kambos tis 75.55 82.69 0
Tsakistras
Orkonta-Kambos tis ~ 84.91 83.50 61.92
Tsakistras

beyond the calibration polygons, where stricter rule sets tend to be
brittle and overly site-dependent (Guisan et al., 2017; Yates et al., 2018).
This directly supports the broader workflow objective of iteratively
expanding the model footprint, assimilating new regions, and
converging on stable thresholds. In practice, slope, TPI, and curvature
emerge as the most transferable constraints, whereas aspect should be
applied more cautiously (e.g., through wider acceptance windows,
reduced weighting, or conditional inclusion) when extending to
morphologically distinct forest settings (Table 5).
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4.5. Scope of inference, validation evidence, and steps toward stronger
generalization

The framework is a reference-anchored screening layer that transfers
a mortality-prone environmental signature from confirmed AOI foot-
prints to prioritize surveillance and field checks, not a probabilistic
mortality detector. Accordingly, we evaluate (i) whether relaxed
majority-rule envelopes remain physiographically representative within
AOIs and (ii) whether they recover event-consistent mortality reference
pixels and associated recovery/persistence behavior. Independent evi-
dence suggests transfer is operationally meaningful: mortality-like epi-
sodes documented in 2025 occurred within areas pre-flagged as high
risk using signatures derived from the 2008/2016 events (Section 3.5),
and heatmap diagnostics support spatial concordance with affected
polygons. Robust forest-wide omission/commission estimates would
require spatially exhaustive independent inventories, which are rarely
available; where they exist, the workflow supports hold-out and
spatially blocked validation. Expanding the reference library and con-
ducting sensitivity analyses (thresholds/quantiles and key preprocessing
choices) would further strengthen generality and uncertainty charac-
terization (Mbogga et al., 2010; Wiens et al., 2009). We acknowledge
that two independent sites constitute a plausibility check rather than a
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statistically rigorous validation, and that broader applicability across
the Mediterranean region would require a larger independent sample
spanning diverse forest types, climate regimes, and mortality drivers.
Acquiring such a dataset remains a priority for future work. A formal
commission rate cannot be computed because the national forest mask
contains no spatially exhaustive record of confirmed healthy stands,
undetected mortality events, management interventions, and natural
disturbances may occur throughout the domain, making it impossible to
define true negatives with confidence. The 18.88% domain-wide flag
rate and binomial test (p ~ 0.036) therefore represent the most rigorous
indirect assessment possible given available data. Pooling three species
with contrasting drought-response physiology (J. phoenicea, P. brutia, Q.
alnifolia) is a deliberate methodological choice grounded in two con-
siderations. First, the framework targets the landscape physiographic
and hydroclimatic template that predisposes forest stands to drought
stress, rather than species-specific mortality thresholds. Second, broad-
leaved species (Q. alnifolia) are known to exhibit delayed physiological
responses to drought (Eliades et al., 2026), meaning that the composite
map captures primarily the drought signal acting on coniferous species
while the broadleaved AOI contributes physiographic context. The
resulting composite layer therefore reflects the spatial imprint of
drought forcing across contrasting forest types rather than a species-
specific mortality model. This interpretation is further supported by
the leave-one-AOI-out results (Table 4), which demonstrate successful
threshold transferability across species with distinct physiology, sug-
gesting that landscape position and drought severity are primary con-
trols on mortality susceptibility in this semi-arid context.

4.6. Management implications for proactive forest protection

From an operational management perspective, the mapped “resem-
blance zones” can be used as a preventive risk-management layer that
translates susceptibility into concrete, field-ready action rather than a
post hoc description of tree mortality. This represents a practical shift
from broad surveillance to targeted intervention: when seasonal drought
alerts (e.g., negative SPEI anomalies) coincide with remotely sensed
stress consistent with the reference signatures (event-year spectral
decline relative to baseline, with post-event persistence), managers can
trigger rapid ground checks focused within the most mortality-prone
terrain units. A proposed Operational Decision Flow of the above
managerial steps is outlined in Fig. 7.

Because these “resemblance zones” are shaped by stable physio-
graphic controls that repeatedly predispose stands to water limitation,
managers can prioritize targeted actions to reduce drought stress and
prevent secondary mortality. Key measures include light, selective
thinning in overstocked patches to lower competition for water
(Chagnon et al., 2025), targeted understory reduction (shrubs/grass)
where it is suppressing regeneration or intensifying drought stress
(Lecomte et al., 2022), protecting soil function by minimizing
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compaction and erosion while retaining litter and woody debris to
sustain infiltration and root-zone moisture (Orfanus et al., 2021), and
intensified monitoring with rapid containment of drought-amplified
insects and pathogens. After confirmed events, the same risk layer can
guide restoration by prioritizing assisted natural regeneration and,
where planting is needed, selecting locally suitable provenances and
drought-tolerant species mixtures matched to site conditions to
strengthen resilience to recurrent drought extremes (Fremout et al.,
2022).

4.7. Transferability of the framework for climate-risk screening across
regions

A central advantage of the framework described in the present
research is that it provides a transferable route to national-scale prior-
itization in regions where only a limited number of mortality episodes
are well documented. The reference-anchored envelope-based suscep-
tibility model is designed for national-to-regional scaling because cali-
bration relies on a small set of documented AOIs, while prediction is
executed across a forest mask using globally available EO (Earth
Observation) inputs and AOI-specific non-parametric envelopes rather
than site-tuned parametric models. Additional tree mortality episodes
can be incorporated as new AOI signatures, expanding a library of
transferable resemblance priors. This enables rapid, repeatable re-
deployment across administrative units to support drought-time sur-
veillance and prioritization. Anchoring on a small set of confirmed
reference AOIs, the method generalizes via physiographic similarity-
using broad quantile envelopes combined under a majority rule,
optionally constrained by solar exposure and geological substrate. In
parallel, it uses dynamic stress fingerprints (event-year spectral decline
and post-event persistence) to separate “where vulnerability is structurally
likely” from “when vulnerability is activated”. This is particularly relevant
under rapid climate change, where drought extremes are intensifying
and shifting in space: when an anomalous SPEI episode occurs, the
framework converts a generic national drought signal into geographi-
cally explicit predictions of which forest areas are most likely to
approach mortality thresholds. The result is an actionable, reproducible
risk atlas built from globally available satellite and climate datasets,
enabling cross-country adoption for targeted surveillance, earlier
intervention, and more efficient allocation of limited management
resources.

5. Conclusion

In this study, we developed and tested a reference-anchored, enve-
lope-based susceptibility model that transfers drought-mortality signa-
tures from confirmed mortality footprints to broader semi-arid forest
landscapes by coupling physiographic similarity with event-consistent
spectral decline and post-event persistence. Applied to three

Outputs

\

1. Light-moderate thinning
2. Remove weakest/ stressed trees
3. Release cuts
4. Reduce understory (shrubs/grass)

Fig. 7. Operational decision flow linking drought alerts and remote-sensing stress signals to targeted field inspections and interventions within mapped “resem-

blance zones”.
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contrasting AOIs in Cyprus, the relaxed resemblance configuration
recovered a substantial fraction of reference mortality pixels while
maintaining within-AOI forest representativeness, supporting its use as a
transferable screening layer for surveillance rather than a definitive
mortality detection tool.

Out-of-sample confirmation from two independently documented
2025 mortality sites (both of which had been pre-flagged by the 2008/
2016 AOI signatures) provides encouraging support for the operational
transferability of the framework under extreme drought forcing. A.

The method leverages globally available Earth observation cova-
riates, making it well suited to the Eastern Mediterranean and readily
transferable to other semi-arid regions. New AOIs with confirmed
mortality footprints can be incorporated to derive locally tailored sig-
natures, extending the framework's applicability across diverse forest-
climate contexts. Future work should focus on expanding the refer-
ence library, incorporating species-specific drought-response thresh-
olds, and conducting independent landscape-scale validation to further
strengthen generality.
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