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INTRODUCTION

Drought- and heat-induced forest mortality 
has become one of the most conspicuous biotic 
signatures of the climate transition, framed glob-
ally as an emerging climate-change risk (Allen et 
al., 2010) and consolidated by evidence linking 
observed mortality to hydraulic failure and car-
bon starvation at the tree scale (Anderegg et al., 
2020). Beyond stand-level effects, cumulative bio-
mass loss alters the terrestrial carbon balance and 
weakens ecosystem services such as watershed 

regulation (Anderegg et al., 2016; International 
Tree Mortality Network, 2025; Pan et al., 2011; 
Pyarali et al., 2026), and vegetation productivity 
has been shown to respond to drought at biome-
specific timescales that can be identified through 
standardised drought indices (Vicente-Serrano et 
al., 2013). The Mediterranean basin is a canoni-
cal hotspot of this transition – warming approxi-
mately 1.5 times faster than the global average, 
cumulative rainfall decline and rising evaporative 
demand (Cramer et al., 2018) – and Mediterra-
nean forests combine sclerophyllous adaptation 
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with relatively narrow hydraulic safety margins, 
so that extraordinary drought events push species 
close to their embolism thresholds (Cheesman 
and Cernusak, 2026; Choat et al., 2012; Li et al., 
2026). Early warnings of dieback can be detected 
in ring-width and remote-sensing series months 
to years before canopy collapse (Camarero et al., 
2015), providing a physiological anchor for satel-
lite-derived vegetation trajectories.

North African forests occupy the southern 
warm edge of the Mediterranean biome and accu-
mulate the highest per-hectare exposure to 21st-
century drought (Cramer et al., 2018). Within Mo-
rocco, the Béni Mellal-Khénifra (hereafter BMK) 
region concentrates a marked bio-climatic gradi-
ent from low-elevation cork-oak groves around 
Khénifra (≈ 700 m a.s.l.) to the summit belt of the 
High Atlas (> 4.000 m a.s.l.), and sustains regu-
lating functions (soil retention, catchment water 
yield) and provisioning services (cork, fuelwood, 
silvopastoral grazing) on which several million 
people depend (Ghaffariyan, 2025; Knostmann 
et al., 2025; Serbouti et al., 2023). Three spe-
cies dominate its vertical structure. Atlas cedar 
(Cedrus atlantica Manetti), endemic to the Rif 
and to the Middle and High Atlas ranges of Mo-
rocco and Algeria, forms the highest forest limit 
in North Africa (Cheddadi et al., 2017; Terrab et 
al., 2008); Landsat- and dendrochronology-based 
studies have documented an accelerating decline 
of Atlas cedar in the Moroccan Middle Atlas since 
the late 20th-century (Linares et al., 2011). The 
North African holm oak (Quercus rotundifolia 
Lam.), often treated as Q. ilex subsp. rotundifolia 
but recognised as a distinct species by the Moroc-
can inventory (Sousa et al., 2021; Vila-Viçosa and 
Almeida, 2020), occupies 758,464 ha – approxi-
mately 81% of the BMK natural forest polygon 
set of the Second Moroccan National Forest In-
ventory (IFN2) (ANEF, 2022). Cork oak (Quer-
cus suber L.), restricted in BMK to the lower 
northern piedmont around Khénifra, is acutely 
exposed to soil-moisture deficits through shallow 
rooting and stomatal isohydry (Camarero et al., 
2015). Comparing the concurrent trajectories of 
these three species within one region provides a 
natural comparative framework on species-spe-
cific dieback responses to shared climatic forcing.

Field-based forest health surveys in Morocco 
follow decadal cycles (IFN1, IFN2, planned IFN3) 
and cannot resolve the intra-decadal timing of 
dieback pulses. Multi-decadal satellite time series 
fill this gap: the Landsat archive (1984-present, 

30 m) is long enough to bracket the major histori-
cal drought pulses and the ongoing 2019–2024 
event through cross-sensor harmonisation (Roy et 
al., 2016), while Sentinel-2 (2017-present, 10 m) 
offers a decisive step change in spatial resolution 
for coniferous canopies with crown diameters 
smaller than a Landsat pixel. The BFAST family 
(Verbesselt et al., 2010, 2012), the PELT change-
point algorithm (Killick et al., 2012; Truong et 
al., 2020) and the multi-scale SPEI (Beguería et 
al., 2014; Vicente-Serrano et al., 2010) together 
provide a mature analytical toolkit that has been 
validated at biome scale but not systematically 
applied to the Moroccan Atlas.

Despite this operational maturity, four gaps 
persist in the North African literature. To the best 
of our knowledge, no published assessment has 
jointly reconstructed forty years of forest dieback 
for the six IFN2 strata of Béni Mellal-Khénifra, 
existing Moroccan work having concentrated 
either on cedar-specific dendroclimatic studies (Li-
nares et al., 2011) or on regional climate-change 
scenarios (Driouech et al., 2021; Filahi et al., 2017; 
Hammoudy et al., 2024). Second, previous climate 
co-variation analyses have generally relied on sim-
ple concurrent correlations rather than lag-explicit 
cross-correlation with autocorrelation-corrected 
significance testing. Third, no systematic paired 
Landsat–Sentinel-2 dieback comparison has been 
reported for Moroccan forests. Fourth, code-level 
reproducibility of such assessments is generally 
not documented, which limits their utility as a tem-
plate for the broader Maghreb region.

Building exclusively on open archives (IFN2 
polygons (ANEF); harmonised Landsat and Sen-
tinel-2 reflectance; TerraClimate, Abatzoglou et 
al., 2018; ERA5-Land, Muñoz-Sabater, 2019) 
and on a reproducible Python pipeline, this stu-
dy pursues three objectives: (i) to quantify the 
extent, spatial structure and temporal chronolo-
gy of natural forest dieback across the six IFN2 
strata of Béni Mellal-Khénifra over 1984–2024 
through BFAST-like decomposition and PELT 
change-point detection at pixel scale; (ii) to cha-
racterise the co-variation of species-level NDVI 
anomalies with SPEI at 3-, 6- and 12-month 
scales and with vapour-pressure-deficit anoma-
lies through autocorrelation-corrected cross-cor-
relation, identifying the optimal lag per species; 
and (iii) to evaluate the complementary contri-
bution of Landsat and Sentinel-2 to dieback de-
tection over the shared 2017–2024 window. The 
study provides a code-open baseline of species × 
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stratum statistics, a georeferenced set of hotspot 
centroids that flags where field validation should 
be prioritised, and a portable analytical template 
for other Maghreb or Sahel regions.

Figure 1 – The map shows the geographic 
boundary of the administrative region and the na-
tural forest polygons of the Second National Fo-
rest Inventory (IFN2), colour-coded by stratum: 
Cedrus atlantica pure (Ca), C. atlantica mixed 
(CaM), Quercus rotundifolia pure (Qr), Q. rotun-
difolia mixed (QrM), Quercus suber pure (Qs) 
and Q. suber mixed (QsM). The Esri WorldTo-
poMap tile service provides the terrain, hydrogra-
phy and toponymy underlay.

MATERIALS AND METHODS

Study area

The Béni Mellal-Khénifra region spans the 
Middle and High Atlas ranges of Morocco, from 
the low-elevation cork-oak groves near Khénifra 
(≈ 700 m a.s.l.) to the summit belt of the High 
Atlas (> 4.000 m a.s.l.). According to the IFN2, 
936,437 ha of natural forest are distributed across 
six pure and mixed strata dominated by Atlas 
cedar (Cedrus atlantica Manetti), North African 

holm oak (Quercus rotundifolia Lam.) and cork 
oak (Quercus suber L. – Figure 1). The regional 
climate ranges from sub-humid Mediterranean 
on the wetter northern slopes to semi-arid on the 
southern piedmont; North African Mediterra-
nean forests are widely recognised as a bio-cli-
matic hotspot particularly exposed to compound 
drought–heat pressures under 21st-century warm-
ing (Cramer et al., 2018). 

Overall workflow

The analysis chains seven modular stages 
(Figure 2), all implemented in Python 3.12 using 
the numpy, scipy, pandas, statsmodels, ruptures, 
scikit-learn and geopandas libraries (Harris et al., 
2020; Virtanen et al., 2020). Raw satellite and cli-
mate data were extracted through Google Earth 
Engine (Gorelick et al., 2017) and processed lo-
cally. The complete pipeline – twelve scripts and 
approximately 2.400 lines of code – is available 
at the repository URL and can be executed in un-
der six minutes on a modern consumer laptop. A 
synoptic view of the data sources supporting each 
stage is given in Table 1.

Figure 2 – The seven-stage pipeline chains 
raw satellite and climate data extraction on 
Google Earth Engine to the final species-level 

Figure 1. Location of the study area and distribution of the six IFN2 strata
across the Béni Mellal-Khénifra region (Morocco)
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statistics reported in Tables 3–5. Each stage cor-
responds to a modular Python script and to an in-
termediate parquet dataset archived in the repro-
ducibility package.

Sampling design

Within each IFN2 stratum, a stratified random 
sample of forest pixels was drawn subject to three 
constraints: inclusion within the IFN2 polygon set 
(360 polygons in total; Table 2), belonging to the 
ESA WorldCover 2020 v100 “Tree cover” class 
10 (Zanaga et al., 2021), and slopes below 45° 
derived from NASADEM. The initial target of 
500 sampling positions per stratum was reached 
for all oak strata, whereas the pure Atlas cedar 
(Ca) stratum yielded 427 valid positions given its 

restricted spatial extent (15,193 ha; Table 2, Fig-
ure S1). Final sample sizes range from 427 to 500 
pixels per Landsat stratum and from 451 to 500 
pixels per Sentinel-2 stratum.

Satellite reflectance data

Cloud-masked surface-reflectance compos-
ites were built from the harmonised Landsat 5, 
7, 8 and 9 Collection 2 Level-2 product (Roy 
et al., 2016). The boreal growing-season win-
dow April to November was retained to avoid 
mountain snow contamination, and monthly 
median NDVI values were computed at pixel 
level over the forty years, yielding 328 candi-
date composites per pixel; residual gaps reflect 
months lacking any cloud-free observation. 

Table 1. Data sources used in this study
Dataset (GEE / provider 

identifier) Provider Native 
resolution

Temporal 
coverage

Native 
step Variables used Purpose in this 

study
Landsat 5, 7, 8, 9 
harmonised — LANDSAT/
{LT05,LE07,LC08,LC09}/
C02/T1_L2

USGS / NASA 30 m 
(VIS/NIR)

Apr 1984 – 
Nov 2024

16-day 
revisit

Bands SR_B4 (Red), 
SR_B5 (NIR); QA_

PIXEL bit flags

Long-term NDVI 
series for BFAST 

retro-analysis (Roy 
et al., 2016)

Sentinel-2 L2A 
harmonised SR — 
COPERNICUS/S2_SR_
HARMONIZED

ESA / 
Copernicus

10 m 
(VIS/NIR)

Apr 2017 – 
Nov 2024

5-day 
revisit

Bands B4 (Red), B8 
(NIR); SCL scene 

classification

High-resolution 
NDVI for sensor-
gain comparison 
over 2017-2024

TerraClimate v0 — 
IDAHO_EPSCOR/
TERRACLIMATE

Abatzoglou et 
al. (2018)

≈ 4 km 
(1/24°)

Jan 1958 – 
Dec 2024 Monthly

pr (mm), tmmx/tmmn 
(°C), pet (mm), soil 

(mm), def (mm), vpd 
(kPa), aet (mm)

Water balance 
D = P − PET; 

SPEI-3/6/12; VPD 
anomaly

ERA5-Land monthly — 
ECMWF/ERA5_LAND/
MONTHLY

Muñoz-Sabater 
et al. (2021)

≈ 9 km 
(0.1°)

Jan 1980 – 
Dec 2024 Monthly

volumetric_soil_
water_layer_1 (0–7 

cm), volumetric_
soil_water_layer_2 

(7–28 cm), 
temperature_2m, 
total_precipitation

Independent 
validation of soil-
moisture context

ESA WorldCover 2020 
v100 — ESA/WorldCover/
v100

Zanaga et al. 
(2021) 10 m 2020 

(static) Static Class 10 (Tree cover)
Forest-mask filter 
applied to every 
sampled pixel

NASADEM v001 — 
NASA/NASADEM_
HGT/001

NASA JPL 30 m
2000 

acquisition 
(static)

Static Elevation (m a.s.l.); 
derived slope (%)

Elevation statistics 
(Table 2) and slope 

< 45° filter

Second Moroccan 
National Forest Inventory 
(IFN2) — Cartographie_
IFN2_Region_BMK.shp

ANEF, Morocco 
(regional 
archive, 

DRANEF BMK)

Vector 
polygons

Field 
survey 

2004-2010 
(v. 2018)

Static

Stratum code (Ca, 
CaM, Qr, QrM, Qs, 

QsM), polygon 
area (ha), dominant 

species

Stratification mask 
defining the six 
analysis strata 

(ANEF)

Note: All data are open and were accessed through Google Earth Engine (Gorelick et al., 2017) unless other-
wise specified. Time-varying products were aggregated to monthly resolution before analysis. Access dates for all 
products: April 2025. Landsat NDVI is computed from surface reflectance after applying the QA_PIXEL cloud/
shadow/snow mask (bits 1, 3, 4, 5, 7); multi-sensor harmonisation follows Roy et al. (2016). Sentinel-2 NDVI uses 
the ESA harmonised SR product with SCL classes 1, 3, 6, 8, 9, 10 and 11 masked. The IFN2 shapefile is not freely 
available on-line and was obtained through the regional forestry service under a memorandum of understanding; 
it is distributed with the reproducibility package. All climate and vegetation series were resampled to a common 
monthly step, and all raster masks were resampled by nearest-neighbour to preserve categorical integrity before 
pixel sampling.
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Figure 2. Overall analytical workflow

QA_PIXEL filtering excluded cloud, cloud 
shadow, snow and saturated pixels through bits 
1, 3, 4, 5 and 7. NDVI was computed as (NIR − 
Red) / (NIR + Red) from the surface reflectance 
bands. The harmonised Sentinel-2 Level-2A 
surface-reflectance collection was filtered by 
SCL ∈ {1, 3, 6, 8, 9, 10, 11} for cloud, cirrus, 
water and shadow removal and then aggregated 
into monthly median NDVI composites at 10 
m resolution, providing sixty-four monthly ob-
servations covering April 2017 to November 
2024. The proportion of valid monthly com-
posites per pixel is reported in Table 2, together 
with the corresponding sample sizes. Out-of-
range NDVI values (< −1 or > 1) were replaced 
by missing values.

Climatological drivers

Monthly precipitation, maximum and mini-
mum 2-m air temperature, reference potential 
evapotranspiration, soil moisture, climatic water 

deficit and vapour-pressure deficit were extracted 
from TerraClimate v0 (≈ 4 km; Abatzoglou et 
al., 2018) for the period January 1958 to Decem-
ber 2024. Values were aggregated over each of 
the 360 IFN2 polygons and further weighted by 
polygon area to yield species-level series. Volu-
metric soil-water content in the 0–7 cm and 7–28 
cm layers, together with 2-m air temperature and 
precipitation, were also obtained from the ERA5-
Land monthly reanalysis (≈ 9 km; Muñoz-Saba-
ter, 2019) for the period January 1980 to De-
cember 2024, and used as an independent context 
for soil-moisture verification without entering the 
primary analysis chain.

Standardised precipitation-
evapotranspiration index

SPEI was computed following the full Vicen-
te-Serrano et al., (2010) protocol as revised by Be-
guería et al., (2014). Monthly water balance D_i = 
P_i − PET_i was computed at polygon and species 
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level and accumulated over k-month rolling win-
dows for k ∈ {3, 6, 12}. For each calendar month, a 
three-parameter log-logistic distribution was fitted 
to the reference period 1958–2000 (43 years) using 
probability-weighted moments in the closed form 
of Hosking, (1990) and Schneider et al., (2013); ob-
served cumulative probabilities were then mapped 
to standard normal quantiles. Full mathematical 
detail follows the appendix of Vicente-Serrano et 
al., (2010). Distributional validation reproduced 
the expected zero-mean and near-unit-variance 
behaviour of a standardised index (Supplementary 
Material). Summer vapour-pressure-deficit anom-
alies were computed as the June-August mean mi-
nus the 1958–2000 climatology and expressed as 
z-scores against the same reference period.

BFAST detection of dieback

Per-pixel dieback detection follows a BFAST-
like decomposition–changepoint workflow (Ver-
besselt et al., 2010, 2012). Missing months were 
first filled by time-based linear interpolation of the 
monthly NDVI series grouped by pixel, yielding 
a continuous monthly series of 492 observations 
for Landsat (January 1984 – December 2024) and 
96 observations for Sentinel-2 (January 2017 – 
December 2024). STL decomposition (Cleveland 
et al, 1990; period = 12 months, robust = True) 
then separated the trend, seasonal and residual 

components of every pixel time series. The trend 
component was searched for change points us-
ing the PELT algorithm (Killick et al., 2012) as 
implemented in the ruptures library (Truong et 
al., 2020), with the L2 cost function, a permissive 
penalty of 0.3 and a minimum segment length 
of 24 months for Landsat (12 months for the 
shorter Sentinel-2 series). The permissive pen-
alty was compensated a posteriori by a magni-
tude filter |ΔNDVI| ≥ 0.05, following Verbesselt 
et al., (2010). For every candidate change point, 
pre- and post-break trend means were computed 
over 12-month windows, and a further 12-to-24-
month window was used to characterise the re-
covery trajectory. A break with ΔNDVI ≤ −0.05 
was labelled permanent if the trend remained 
below the pre-break mean by more than half the 
initial drop for at least 12 months, and transitory 
otherwise. Breaks with ΔNDVI ≥ +0.05 (positive 
greening) were retained for descriptive statistics 
but excluded from dieback totals. Because STL 
is known to attenuate signals near the series edge 
and PELT requires a minimum segment length of 
post-break data to fire (Verbesselt et al., 2010), 
a dedicated recent-decline detector was imple-
mented to rescue the recent (2020+) Moroccan 
drought pulse: it flagged pixels whose trend mean 
over the last 24 months fell more than 0.05 NDVI 
units below the reference window at months 60–
84 before the series end. The union of permanent 

Table 2. Characteristics of the six IFN2 forest strata used in this study

Stratum Species Structure IFN2 area 
(ha)

N 
polygons

Elev. 
mean (m)

Elev. 
range 
(m)

N 
Landsat 

px

Valid 
NDVI-L 

(%)

N Sent.-2 
px

Valid 
NDVI-S2 

(%)

Ca Cedrus 
atlantica pure 15,193 10 1.908 1.490–

2.277 427 79.1 451 76.3

CaM Cedrus 
atlantica mixed 39,500 28 1.761 1.021–

2.431 476 73.3 482 71.9

Qr Quercus 
rotundifolia pure 758,464 235 1.362 345–

3.096 500 35.0 500 37.6

QrM Quercus 
rotundifolia mixed 55,633 66 1.711 621–

2.831 500 26.3 500 28.8

Qs Quercus 
suber pure 58,661 12 991 667–

1.545 498 46.3 500 53.8

QsM Quercus 
suber mixed 8,986 9 1.231 778–

1.574 500 43.2 500 51.0

Total — — 936,437 360 — 345–
3.096 2,901 — 2.933 —

Note: Elevation statistics were computed from NASADEM (30 m) aggregated by weighted mean over the polygon 
area. Sampling followed a stratified random design constrained to the IFN2 forest polygons of each stratum. NDVI 
validity is the proportion of monthly composites containing at least one valid observation after cloud/shadow/snow 
masking..IFN2 = Second National Forest Inventory of Morocco. Q. rotundifolia corresponds to the North African 
holm oak; some taxonomies treat it as Q. ilex subsp. rotundifolia, but the Moroccan inventory recognises it as a 
distinct species. The lower valid-NDVI ratio of Q. rotundifolia strata (26–35%) reflects land-cover heterogeneity 
within IFN2 polygons rather than sensor limitation.
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and recent-decline pixels defines the dieback 
set reported in Table 3. Areas were extrapolated 
to the IFN2 total under the strong-sampling as-
sumption surface_dieback = (n_dieback / n_to-
tal) × IFN2 area, and expressed both in relative 
terms and in hectares.

Spatial hotspot analysis

For each stratum, dieback pixels were clus-
tered in EPSG:3857 (Web Mercator) using the 
Density-Based Spatial Clustering of Applications 
with Noise algorithm (DBSCAN; Ester et al., 
1996), with ε = 5 km and min_samples = 6. Each 
retained cluster’s centroid was annotated with the 
median year of the permanent-break dates it con-
tained; clusters populated exclusively by recent-
decline pixels were labelled recent (2022-24). A 
two-dimensional Gaussian kernel-density estima-
tion of the dieback point pattern was overlaid at 
25/50/75/95% contours of the local maximum 
density, both per stratum and combined across 
species. The complete list of cluster centroids and 
dates is archived in the reproducibility package.

Cross-correlation lag analysis

Species-level NDVI anomalies were computed 
by subtracting the 1984–2000 monthly climatol-
ogy and further linearly detrended to isolate inter-
annual variability from the multi-decadal greening 
background. These anomalies were then cross-cor-
related with each detrended climate driver (SPEI-
3, SPEI-6, SPEI-12, VPD anomaly) for lag k ∈ [0, 
24] months, with the climate driver leading the 
vegetation response. Pearson correlation coeffi-
cients r(k) were computed, and two-sided p-values 
were derived using an effective sample size N_eff 
corrected for serial autocorrelation according to 
Pyper and Peterman, (1998): 1 / N_eff ≈ 1 / N + 
(2 / N) · r_{1,X} · r_{1,Y}, where r_1 denotes the 
lag-1 autocorrelation of each series. p-values were 
subsequently derived through the Fisher-Z trans-
form on N_eff. The optimal lag k* is the value 
maximising |r(k)| subject to p_eff < 0.05. Because 
SPEI is by construction a standardised anomaly, 
whereas raw VPD carries a strong seasonal cycle, 
VPD was first re-expressed as a monthly anomaly 
against its 1958–2000 climatology before enter-
ing the correlation. This symmetric treatment pre-
vents the spurious phase-locked correlations that 
would otherwise arise between a de-seasonalised 
response and a seasonal predictor.

Sensor comparison

To evaluate the sensor gain, the Landsat 
BFAST output was restricted to the 2017–2024 
window (matching the Sentinel-2 coverage), and 
the per-stratum proportion of pixels carrying ei-
ther a Landsat break within 2017–2024 or a re-
cent-decline flag was computed. The same metric 
was derived from Sentinel-2. Because pixel po-
sitions between the two sensors are independent 
random draws from the IFN2 polygons, compari-
son was carried at the stratum level rather than 
pixel-to-pixel; the sensor gain corresponds to the 
arithmetic difference of the two proportions.

Reproducibility

All processing scripts, intermediate parquet 
files and diagnostic reports are archived in the 
project repository: https://doi.org/10.5281/ze-
nodo.21358367. Software versions are pinned in 
the requirements.txt file, and executing the driver 
script regenerates every table and every figure 
from the raw GEE exports in under six minutes 
on an eight-core consumer machine.

RESULTS

Extent and structure of forest dieback

Over the forty-year Landsat record, a cu-
mulated dieback signal covering approximately 
187,700 ha was detected, corresponding to about 
20.1% of the 936,437 ha of natural forest sur-
veyed by IFN2 in Béni Mellal-Khénifra (Table 3). 
The signal decomposes into 15,871 ha (1.7% of 
the region) of long-established permanent breaks, 
with median first years ranging between 1998 
and 2010 depending on stratum, and 171,858 ha 
(18.4%) of ongoing declines whose recovery can-
not yet be adjudicated.

Species-level rates diverge markedly. Cork 
oak (Q. suber) is the most affected species, with 
41.4% of pure and 35.4% of mixed stands show-
ing dieback. Atlas cedar shows an intermediate 
rate (16.6% in Ca, 22.9% in CaM), and the mixed 
CaM stratum is more affected than the pure Ca 
stratum. North African holm oak (Q. rotundifo-
lia) exhibits the lowest relative rate (18.8% pure, 
11.0% mixed) but the largest absolute affected area 
(142,591 ha), because the pure Qr stratum spans 
758,464 ha – approximately 81% of the regional 
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forest cover. The magnitude of the trend break 
|ΔNDVI| in permanent-dieback pixels was largest 
for Q. rotundifolia (median −0.14 units; Table 3), 
intermediate for C. atlantica (−0.077 to −0.083) 
and smallest for Q. suber (−0.064 to −0.074).

Temporal chronology

The 12-month rolling-average NDVI series 
show contrasting trajectories among the three 
species (Figure 3). C. atlantica and Q. rotundi-
folia both show a marked positive trend from 
the mid-1990s onward – a background greening 
consistent with CO2 fertilisation and progressive 
recovery from earlier disturbance – followed by 
an abrupt plateau or decline after 2020. Q. suber, 
by contrast, presents the clearest regional decline 
signature, with a NDVI peak around 2013–2014 
and a monotonic decrease of approximately 
0.06 NDVI units by 2024, coincident with the 
2019–2024 Moroccan drought. The species-level 
chronology maps aggregated by stratum (Figure 
4) further illustrate that the timing of first perma-
nent-break years is spatially structured, with dis-
tinct age classes segregating along the elevation 
and moisture gradient.

Figure 3 – Species-level NDVI is aggregated as 
the surface-weighted mean of pure and mixed stra-
ta. The three species display contrasting long-term 
trajectories, with a background greening followed 
by a post-2020 plateau or decline in C. atlantica 
and Q. rotundifolia, and a monotonic decline sig-
nature in Q. suber from 2013–2014 onward.

Figure 4 – Each panel shows the spatial dis-
tribution of pixels flagged as permanent dieback, 
coloured by the year of the first BFAST-detected 
break, over the IFN2 polygon set of the corre-
sponding stratum. Pixels flagged only by the re-
cent-decline detector are shown in a distinct colour.

Annual counts of permanent BFAST breaks 
plotted against annual SPEI-12 (Figure 5) show 
a repeatable co-occurrence of break clusters with 
drought years. Each of the three species displays 
a discernible pulse in break frequency during 
years when regional SPEI-12 fell below −1. For 
Q. suber, the 1998–2000 drought coincides with 
the largest annual pulse of the entire record (five 
detected breaks), and the 2019–2022 window 
generates the tallest bar of the recent era (three 
permanent breaks in 2022, before accounting for 
the recent-decline flag). The SPEI-12 series itself 
reaches the parameterisation floor (SPEI = −4.75) 

Table 3. BFAST-detected dieback per stratum, Landsat 1984–2024

Stratum Species Structure IFN2 
area (ha)

Long-term 
perm. (ha)

Recent 
decline 

(ha)

Total dieback 
(ha) [95% CI]

% 
dieback 
[95% CI]

Median 1st 
break yr

Median 
ΔNDVI 
(perm.)

Ca Cedrus 
atlantica pure 15,193 676 1,850 2,526 [1,993 

– 3,096]

16.6 
[13.1 – 
20.4]

2010 −0.077

CaM Cedrus 
atlantica mixed 39,500 1,992 7,054 9,045 [7,551 

– 10,539]

22.9 
[19.1 – 
26.7]

1998 −0.083

Qr Quercus 
rotundifolia pure 758,464 12,135 130,456

142,591 
[116,803 – 
169,896]

18.8 
[15.4 – 
22.4]

2003 −0.139

QrM Quercus 
rotundifolia mixed 55,633 0 6,120 6,120 [4,673 

– 7,677]
11.0 [8.4 
– 13.8] — —

Qs Quercus 
suber pure 58,661 942 23,323

24,265 
[21,674 – 
26,857]

41.4 
[37.0 – 
45.8]

1999 −0.064

QsM Quercus 
suber mixed 8,986 126 3,055 3,181 [2,804 

– 3,558]

35.4 
[31.2 – 
39.6]

2004 −0.074

Total — — 936,437 15,871 171,858
≈ 187,728 [≈ 
155,500 – 
221,600]

≈ 20.1 — —

Note: A dieback pixel is one showing at least one permanent BFAST break (|ΔNDVI| ≥ 0.05) or a recent trend decline 
(last 24 months versus the reference window at months 60–84). Areas were extrapolated to the IFN2 total under the 
assumption that sampled pixels are representative of the stratum. The recent-decline detector is required because 
STL smoothing strongly attenuates trend breaks located within approximately 24 months of the series edge, a known 
limitation of STL/BFAST hybrid workflows (Verbesselt et al., 2010). Q. rotundifolia pure (Qr) dominates the absolute 
surface figure because of its extraordinary IFN2 area, not because its per-pixel dieback rate is exceptional. Q. suber 
strata show the highest relative dieback (35–41%), consistent with their low-elevation, water-limited niche (Table 2) 
and with reports of severe cork-oak decline across the Mediterranean rim (Camarero et al., 2015).
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Figure 3. Twelve-month rolling mean NDVI series by species, 1984–2024, from harmonised Landsat data

Figure 4. Chronology maps of first permanent-break year by stratum
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on 18.3% of the months of 2015–2024 for Ca and 
on 11.7% for CaM.

Figure 5 – The vertical bars record the num-
ber of permanent-break events detected in each 
calendar year over the 1984–2024 window; the 
overlaid SPEI-12 line documents the concurrent 
regional drought signal. Dashed horizontal refer-
ence lines at SPEI-12 = −1 mark the moderate-
drought threshold.

Spatial hotspot structure

Dieback is spatially non-random. Kernel-
density estimation identifies between one and 
six discrete hotspots per stratum (Figure 6), and 
DBSCAN clustering aggregated across pure 
and mixed strata per species (Figure 7) resolves 
species-specific chronologies. Atlas cedar ex-
hibits three hotspots concentrated in the north-
eastern Middle Atlas (Ifrane-Azrou corridor), 
with median years 1995 (n = 114 pixels, span-
ning 1988–2022), 2017 (n = 27, 1995–2020) and 
2021 (n = 31, 2021–2022). This mixed chronol-
ogy – combining a large historical cluster with 

a discrete very recent one – suggests that Atlas 
cedar decline has progressed through episodic 
pulses rather than by continuous attrition. Cork 
oak shows five clusters, dominated by a large 
historical cluster (n = 239 pixels, median 1998, 
range 1986–2022) sitting over the Khénifra pied-
mont; two smaller 1999 clusters flank the west 
(1992–2019) and the central region, a well-de-
fined 2005 hotspot lies to the north, and a clus-
ter of exclusively recent (2022–2024) declines 
occupies the extreme north-east of the Q. suber 
range. Cork oak therefore displays a bi-modal 
chronology, combining a historical mass event 
around 1998–1999, coincident with the region’s 
most severe recorded drought, with an emerging 
recent front. Holm oak yields six clusters, four 
of which are populated exclusively by recent-de-
cline pixels and thus labelled recent (2022–24); 
only two clusters carry historical permanent 
breaks (1999). At Landsat scale, the holm oak 
dieback signature is therefore almost exclusively 
a phenomenon of the current decade.

Figure 6 – Two-dimensional Gaussian kernel-
density contours (25/50/75/95% of local maximum) 

Figure 5. Annual counts of permanent BFAST breaks (bars) against annual SPEI-12 (line), by species
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overlay the sampled dieback pixels within each 
IFN2 stratum, with the Esri WorldShadedRelief 
basemap providing topographic context.

Figure 7 – Aggregating pure and mixed stra-
ta per species, DBSCAN clustering (ε = 5 km, 
min_samples = 6) resolves the species-specific 
hotspot chronology. Each cluster is annotated 
with its median first permanent-break year (or the 
label „recent 2022-24” for clusters populated ex-
clusively by recent-decline pixels). C. atlantica 
shows three hotspots (median years 1995, 2017, 
2021), Q. suber shows five clusters dominated 
by a large 1998–1999 pulse, and Q. rotundifolia 
shows six clusters, four of which are labelled re-
cent (2022–24).

Climate drivers and their lags

All twelve species × climate combinations 
yield statistically significant Pearson correlations 
after the autocorrelation-corrected p-value adjust-
ment (Pyper and Peterman, 1998; Table 4, Figure 
8), and three coherent findings emerge from the lag 
structure. First, SPEI-12 is the strongest correlate 

for both oak species: r = +0.364 at lag 0 for Q. 
suber and r = +0.306 at lag 1 for Q. rotundifolia. 
Cork oak therefore correlates concurrently with 
a 12-month cumulative water deficit – the short-
est possible lag – whereas holm oak lags by one 
month. This ranking (Qs > Qr > Ca) is inversely 
related to mean stratum elevation (991 m < 1.362 
m < 1.908 m; Table 2). Second, VPD anomaly co-
varies with NDVI at zero lag for every species, 
with the strongest correlation in C. atlantica (r = 
−0.205) and the weakest in Q. suber (r = −0.144). 
Third, C. atlantica exhibits a balanced short-and-
long-scale profile, being significantly correlated 
with SPEI-3 at lag 0 (r = +0.248) and with SPEI-
12 at lag 1 (r = +0.259). Atlas cedar is thus not 
indifferent to drought, but it neither responds most 
strongly to any single timescale, unlike the two 
Quercus species, nor lags noticeably behind. The 
20-month optimal lag for Q. suber × SPEI-3 (r 
= +0.180) is atypical relative to the near-instan-
taneous SPEI-12 correlation, which remains the 
strongest signal for cork oak.

Figure 8 – Each panel shows one species × 
driver combination; solid symbols indicate the 

Figure 6. Kernel-density hotspot maps of dieback pixels by stratum
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optimal lag k* retained in Table 4 after autocorre-
lation-corrected significance testing.

Landsat versus Sentinel-2 			 
in the common window

Over the shared 2017–2024 window, Sen-
tinel-2 detects substantially more dieback than 
Landsat for Atlas cedar: +18.3 percentage points 
for pure cedar (14.5% → 32.8%) and +26.3 per-
centage points for mixed cedar (20.2% → 46.5%; 
Table 5, Figure 9). Gains for Q. rotundifolia are 
modest (+4.8 percentage points pure, +2.4 per-
centage points mixed), reflecting the sparser 
holm-oak canopy where the mismatch between 
crown size and sensor footprint is less severe. 
Sentinel-2 detects less dieback than Landsat for 
Q. suber (−5.6 percentage points pure, −4.8 per-
centage points mixed).

Figure 9 – For each stratum, the proportion 
of pixels flagged as dieback (permanent break 
within 2017–2024 or recent-decline flag) is con-
trasted between the two sensors. Sentinel-2’s fin-
er 10 m footprint delivers a substantial gain on C. 
atlantica (both structures), a modest gain on Q. 
rotundifolia, and an apparent loss on Q. suber at-
tributable to the shorter baseline of the Sentinel-2 
recent-decline detector rather than to a sensor 
performance limitation.

Robustness and uncertainty

Twelve formal robustness checks were run 
against the substantive findings of the previous 
Results subsections; the full diagnostic reports 
are archived in the reproducibility package. A ran-
dom seed of 42 was used at every stochastic step 
(bootstrap, phase-randomisation, DBSCAN input 

Figure 7. Combined per-species hotspot map
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Table 4. Optimal lag between species-level NDVI anomaly and climate drivers

Species Climate 
driver

Optimal 
lag k* 

(months)
r* p_eff (N_eff) q_BH Interpretation

Cedrus atlantica SPEI-3 0 +0.248 2.5 × 10–⁴ (213) 4.3 × 10–⁴ Concurrent short-scale water 
balance

Cedrus atlantica SPEI-6 1 +0.217 2.1 × 10–³ (198) 2.8 × 10–³ 1-month lag on semi-annual 
deficit

Cedrus atlantica SPEI-12 1 +0.259 3.6 × 10–⁴ (184) 5.4 × 10–⁴ Cumulative annual deficit, 
brief lag

Cedrus atlantica VPD 
anomaly 0 −0.205 2.1 × 10–³ (221) 2.8 × 10–³ Immediate hydraulic response

Quercus rotundifolia SPEI-3 0 +0.222 7.3 × 10–⁴ (226) 1.1 × 10–³ Concurrent
Quercus rotundifolia SPEI-6 5 +0.247 3.4 × 10–⁴ (206) 5.4 × 10–⁴ Delayed cumulative response

Quercus rotundifolia SPEI-12 1 +0.306 1.4 × 10–⁵ (192) 8.2 × 10–⁵ Strong annual-deficit 
sensitivity

Quercus rotundifolia VPD 
anomaly 0 −0.194 2.7 × 10–³ (236) 3.3 × 10–³ Immediate

Quercus suber SPEI-3 20 +0.180 8.9 × 10–³ (210) 9.7 × 10–³ Legacy signal (see 
Discussion)

Quercus suber SPEI-6 1 +0.254 2.1 × 10–⁴ (208) 4.3 × 10–⁴ Short cumulative response

Quercus suber SPEI-12 0 +0.364 1.4 × 10–⁶ (167) 1.2 × 10–⁵ Strongest correlation of the 
study

Quercus suber VPD 
anomaly 0 −0.144 2.1 × 10–² (259) 2.1 × 10–² Immediate

Note: Cross-correlation of species-level detrended NDVI anomaly (Y) with detrended climate index (X), where X 
leads Y by k months, k ∈ [0, 24]. Effective sample size N_eff was computed following Pyper and Peterman, (1998) 
to account for serial autocorrelation; p_eff is the two-sided Fisher-Z p-value using N_eff. All twelve correlations 
are statistically significant at α = 0.05. The sign convention is such that positive SPEI (wet) and positive NDVI 
anomaly co-vary (r > 0 expected), and elevated VPD is expected to suppress NDVI (r < 0 expected); all observed 
signs conform to expectation. SPEI-12 emerges as the strongest correlate for both Quercus species, with the 
highest coefficient observed for Q. suber (highlighted row). The 20-month SPEI-3 lag for Q. suber is atypical and, 
following Camarero et al., (2015), has been interpreted in the Discussion as a possible carbohydrate legacy effect 
rather than a direct water-stress signal.

Figure 8. Cross-correlation functions between species-level detrended NDVI anomaly (Y)
and climate drivers (X), for lag k ∈ [0, 24] months (X leading Y)
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order) so that all reported figures are exactly re-
producible from the pinned software environment.

Sampling uncertainty. Non-parametric boot-
strap 95% confidence intervals on the stratum-
level dieback proportion (10.000 resamples) are 
embedded in Table 3 and span ±2.7 to ±4.4 per-
centage points depending on stratum. The aggre-
gate 95% CI on the regional dieback estimate is 
155,500–221,600 ha (187,700 ha central).

Multiple-comparison correction. The twelve 
species × climate correlations of Table 4 were 
corrected for multiplicity using the Benjamini 
and Hochberg (1995) false-discovery-rate pro-
cedure. Every reported association survives at q 

< 0.05 (maximum q = 0.021, Q. suber × VPD; 
strongest correlation q = 1.2 × 10⁻⁵).

Long-term NDVI trend. The modified Mann-
Kendall test (Hamed and Rao 1998), which res-
cales the S-statistic variance for serial autocor-
relation, was applied to the three species-level 
monthly NDVI series (n = 322–328 non-null 
months). Kendall’s τ is positive and large for ev-
ery species (0.22–0.45; raw p < 10⁻⁹). After the 
autocorrelation correction – which is severe on 
these strongly persistent series (correction factor 
12.8–37.0) – the positive trend remains signifi-
cant only for C. atlantica (p_MK = 0.047) and is 
marginal for Q. rotundifolia (0.067) and Q. suber 

Table 5. Landsat versus Sentinel-2 dieback detection over the shared 2017–2024 window

Stratum Species N pixels 
Landsat

Dieback 
Landsat (%)

Landsat 
dieback (ha)

N pixels 
S-2

Dieback 
S-2 (%)

S-2 dieback 
(ha)

Gain S-2 − 
Landsat (pp)

Ca Cedrus atlantica 427 14.5 2,200 451 32.8 4,986 +18.3
CaM Cedrus atlantica 476 20.2 7,968 482 46.5 18,357 +26.3

Qr Quercus 
rotundifolia 500 18.0 136,524 500 22.8 172,930 +4.8

QrM Quercus 
rotundifolia 500 11.0 6,120 500 13.4 7,455 +2.4

Qs Quercus suber 498 41.4 24,265 500 35.8 21,001 −5.6
QsM Quercus suber 500 34.8 3,127 500 30.0 2,696 −4.8

Note: Per-stratum proportion of sampled pixels flagged as dieback (permanent break within 2017–2024 or recent-
decline flag). Landsat statistics are computed on the sub-window of the full 1984–2024 analysis; Sentinel-2 
statistics use the full 2017–2024 series. Sensor gain is the arithmetic difference of the two proportions. Positive 
gains for both Cedrus atlantica strata reflect Sentinel-2’s finer 10 m footprint capturing crown-level mortality that 
is diluted in the 30 m Landsat pixel. Negative gains for both Quercus suber strata are not a sensor limitation but a 
consequence of the different reference windows used by the recent-decline detector: Landsat compares 2022–2024 
to a pre-drought 2017–2019 baseline, whereas Sentinel-2’s shorter series compares to a 2019–2021 baseline that 
is already partially stressed. Q. rotundifolia gains are modest, consistent with its sparser canopy where the crown/
pixel-size mismatch is less severe.

Figure 9. Landsat versus Sentinel-2 comparison of dieback detection over the shared 2017–2024 window
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(0.096). The long-term greening is therefore 
phrased more cautiously than in the Temporal 
chronology subsection.

Parameter sensitivity. Re-running the BFAST 
pipeline across a ±3× range of PELT penalties 
around the baseline of 0.30 leaves the stratum rank-
ing unchanged and shifts the dieback proportion by 
no more than 3 pp for C. atlantica, ≤ 1 pp for Q. ro-
tundifolia and ≤ 1.4 pp for Q. suber. The sensitivity 
curves are reported in Supplementary Figure S2A.

Spatial autocorrelation. Global Moran’s I on 
the binary dieback flag, computed with a 5-km 
inverse-distance weight matrix and 999 permuta-
tions, is significantly positive for every stratum 
(I = 0.11-0.27; p_perm = 0.001). The DBSCAN 
hotspot structure of Figures 8 and 9 is therefore 
not a random artefact but a genuine feature of the 
point pattern.

Phase-randomisation permutation tests (Ebi-
suzaki, 1997), the alternative (Bretherton et al., 
1999) effective sample size, Landsat–Sentinel-2 
cross-sensor consistency, Landsat epoch-level 
sensor drift, stratum-level replication of the lag 
structure and SPEI reference-period sensitivity 
were also assessed and are reported in Supplemen-
tary Material S1; every substantive conclusion of 
the main text survives these additional checks.

Synthesis

Taken together, the Landsat archive docu-
ments a regional dieback of approximately 
187,700 ha, i.e. some 20% of the natural forest 
of Béni Mellal-Khénifra, unevenly distributed 
among species and structures. The dominant tem-
poral clusters are 1998-1999 for cork oak, mixed 
1990s to present for cedar, and overwhelmingly 
2020s for holm oak. SPEI-12 emerges as the 
strongest correlate of species-level NDVI anom-
alies, with cork oak showing the highest coeffi-
cient of the study (r = +0.364). Over the shared 
2017–2024 window, Sentinel-2 yields higher die-
back rates than Landsat for Atlas cedar, whereas 
Landsat yields higher rates for cork oak.

DISCUSSION

The 20% regional dieback 			 
in a Mediterranean context

A satellite-derived dieback signal of ≈ 20% 
(bootstrap 95% CI 16.6–23.7%) places Béni 

Mellal-Khénifra towards the upper end of Med-
iterranean-basin drylands examined with compa-
rable retrospective satellite methods. Allen et al., 
(2010) compiled 88 drought-driven mortality epi-
sodes worldwide across three orders of magnitude 
of affected area, and the BMK value is at the eco-
system scale of the larger episodes reported in that 
synthesis. Two aspects of the estimate warrant in-
terpretation. First, the mixture between permanent 
breaks (1.7% of the region, median 1998–2010) 
and recent declines (18.4%, still consolidating) 
suggests that the last five to seven years of the re-
cord are driving a substantial share of the total; 
whether these recent declines settle into perma-
nent trend breaks or partially recover will be ad-
judicated only after the 2025-2027 growing sea-
sons. Second, the elevation-stratified structure of 
the signal – Qs > CaM > Ca > Qr > QsM > QrM 
in per-stratum rate – mirrors the elevation-medi-
ated buffering of vegetation productivity against 
long-timescale drought reported at biome scale by 
Vicente-Serrano et al., (2013), which is consistent 
with the interpretation that cumulative water bal-
ance is a proximate driver of the observed pattern 
rather than an incidental correlate.

Species-specific vulnerability profiles

Cork oak (Q. suber) combines the driest and 
warmest niche of the study (mean elevation 991 
m) with shallow rooting and stomatal isohydry 
(David et al., 2007), a combination that is con-
sistent with the strongest and most concurrent 
SPEI-12 correlation of the entire dataset. The 
delayed 20-month SPEI-3 correlation is compat-
ible with a non-structural-carbohydrate legacy 
effect, whereby a short drought two growing 
seasons prior may constrain reserves and impair 
the subsequent canopy (Camarero et al., 2015), 
an interpretation that a physiologically-oriented 
dendrochronological cross-validation could test 
directly. The 1998–2001 cluster coincides with 
one of the most severe droughts of the recent 
Moroccan instrumental record (Elair et al., 2023; 
Filahi et al., 2016; Henchiri et al., 2021); a small-
er pulse tracks 2003–2005, and the north-eastern 
2022–2024 cluster is consistent with a still-active 
mortality front.

Atlas cedar (C. atlantica) shows a dual-tim-
escale profile – significant lag-0 SPEI-3 and lag-
1 SPEI-12 correlations – that is consistent with 
an anisohydric conifer whose hydraulic reserves 
buffer short droughts but eventually capitulate 
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to the cumulative annual water balance (Linares 
et al., 2011). The three hotspots (median years 
1995, 2017, 2021) describe an episodic rather 
than monotonic decline, which is in broad agree-
ment with the ring-width chronology of Linares 
et al., (2011); and adds a spatially explicit dimen-
sion to that earlier record. The strongest VPD 
correlation of the three species (r = −0.205) sug-
gests that atmospheric drought co-varies with ce-
dar productivity at monthly resolution alongside 
the soil-water signal, in line with the mechanistic 
view that hydraulic conductivity of the vascular 
system responds to VPD independently of soil 
water (Anderegg et al., 2020).

The North African holm oak (Q. rotundifolia) 
dominates BMK in absolute surface but shows the 
lowest per-stratum dieback rate. Interpreting this 
as resilience would be misleading: holm oak die-
back at Landsat scale is almost entirely recent (four 
of six DBSCAN clusters contain only recent-de-
cline pixels) and the correlation analysis places it 
firmly in the drought-sensitive group (SPEI-12 lag 
1, r = +0.306). A later dieback onset at the resolu-
tion of Landsat monthly composites is a plausible 
mechanistic reading, consistent with holm oak’s 
intermediate hydraulic strategy relative to the two 
extremes discussed above (Borghetti et al., 2026; 
Morales et al., 2021; Peguero-Pina et al., 2020). 
Because holm oak occupies 758,464 ha, even a 
modest per-stratum rate translates into the largest 
absolute affected area of the study (142,591 ha, 
95% CI 116,803–169,896), a result of major con-
sequence for regional monitoring priorities.

Climate correlates and their physiological 
interpretation

Three cross-species patterns are apparent. All 
three species share a negative VPD anomaly corre-
lation at lag 0 (r = −0.14 to −0.21), consistent with 
rapid stomatal-hydraulic regulation reducing pho-
tosynthesis at short timescales (Anderegg et al., 
2020). SPEI-12 is the strongest soil-water correlate 
for both Quercus species and one of the two stron-
gest for cedar, consistent with the 12-month scale 
integrating the annual growing season and captur-
ing the timescale at which carbohydrate depletion 
and hydraulic legacy effects are thought to operate. 
The elevation-response gradient (Qs 991 m → Qr 
1.362 m → Ca 1.908 m) tracks the SPEI-12 coef-
ficient inversely (r = +0.364 → +0.306 → +0.259), 
which is consistent with an elevation-mediated 
buffering of productivity against cumulative deficit 

(Vicente-Serrano et al., 2013). The SPEI-12 series 
saturates at the parameterised floor on 4-18% of 
recent months, so the reported correlations should 
be read as conservative rather than tight estimates 
of the actual co-variation strength.

Sensor complementarity between Landsat 
and Sentinel-2

The Sentinel-2 gain on Atlas cedar (Table 5) 
is consistent with the reduced pixel-crown mis-
match when the sensor footprint approaches the 
individual crown diameter of a mature C. atlan-
tica. The apparent Sentinel-2 loss on cork oak re-
flects the shorter recent-decline baseline available 
on Sentinel-2 rather than a sensor limitation, and 
the two archives fall within the Roy et al., (2016) 
OLI-to-ETM+ harmonisation envelope over the 
shared window; they are therefore complemen-
tary rather than substitutable.

Conceptual framework

Figure 10 assembles the analytical chain, 
from regional climate warming to management 
implications, into a single vertical cascade. The 
arrows correspond to documented physiological 
mechanisms rather than to statistical causation 
demonstrated within the present study.

Figure 10 – The six-stage cascade links re-
gional climate warming to management impli-
cations through the sequence of climate index, 
species vulnerability, remote-sensing detection 
and spatial hotspots. Each stage carries a short 
synthesis of the corresponding evidence from this 
study and the published physiological literature. 
The framework represents a logical chain drawn 
from the data and the literature; individual arrows 
correspond to documented physiological mecha-
nisms rather than to statistically demonstrated 
causation within this study.

Study limitations

Six limitations should be borne in mind when 
reading the conclusions of this study. (i) Absence 
of independent field validation. No systematic 
on-ground crown-condition survey has yet been 
carried out, so the accuracy of the pixel-level die-
back classification cannot at present be estimated 
in the sense of Congalton and Green, (2019). 
The georeferenced hotspot centroids (Figure 7) 
will be the target of a stratified field campaign of 
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approximately 300 plots planned as the second 
paper of the doctoral programme. (ii) Landsat 
spatial resolution. A 30 m Landsat pixel dilutes 
crown-level mortality with neighbouring intact 

canopy, particularly for coniferous species whose 
crown diameter is smaller than the pixel footprint. 
The Sentinel-2 comparison (Table 5) quantifies 
this dilution for Atlas cedar (+18.3 to +26.3 pp), 

Figure 10. Conceptual framework of climate-driven forest dieback in Béni Mellal-Khénifra 
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and any operational monitoring should exploit 
the two archives jointly (Roy et al., 2016). (iii) 
Extrapolation from sampled pixels to IFN2 area. 
The 2.901 stratified random pixels are extrapolat-
ed to 936,437 ha under a proportional assumption 
whose bootstrap 95% CI is embedded in Table 3. 
The elevation coverage check (Supplementary 
Figure S1) confirms that the sample spans the 
entire altitudinal envelope of each stratum and is 
therefore not biased along the elevation gradient, 
but the largest single contribution to the aggre-
gate CI comes from the extended Q. rotundifolia 
stratum where a pixel-complete follow-up would 
tighten the estimate. (iv) NDVI as a proxy for 
dieback. NDVI captures greenness rather than 
mortality per se; sustained NDVI depressions can 
also reflect defoliation, drought-induced decidu-
ousness, insect outbreaks or silvicultural inter-
ventions, none of which are disentangled by the 
current pipeline. The magnitude filter |ΔNDVI| 
≥ 0.05 and the 12-month persistence rule are de-
signed to exclude short-term greenness fluctua-
tions, but they cannot separate crown-level mor-
tality from other biotic or management-related 
NDVI declines. (v) Correlation versus causation. 
The lag analysis (Table 4) documents statistically 
significant co-variation between species-level 
NDVI anomalies and drought indices at physi-
ologically interpretable lags, but this is not, in 
itself, causal proof. The consistency of the sign 
structure across four independent climate indices 
and the concordance with the mechanistic lit-
erature (Anderegg et al., 2020; Camarero et al., 
2015) support a causal reading, but competing 
drivers cannot be formally excluded. (vi) Unmea-
sured environmental factors. Ozone exposure, 
nitrogen deposition, biotic attacks (bark beetles, 
oak processionary), fire regime change and graz-
ing pressure are all documented across Moroc-
can forests but are not entered as covariates in 
the current analysis (Alba-Sánchez et al., 2025; 
Navarro-Cerrillo et al., 2013; Samih et al., 2024). 
Their omission may inflate the apparent share of 
variance attributable to drought.

These limitations bound the strength of in-
dividual pixel- or stratum-level claims but do 
not invalidate the main regional conclusions of 
the study: the species ranking of dieback rates, 
the elevation gradient of SPEI-12 sensitivity, the 
sensor gain of Sentinel-2 over Landsat on Atlas 
cedar and the hotspot chronology of the three 
species are all preserved across the robustness 
checks reported above.

Implications for regional forest 
management

Regional monitoring effort should be real-
located in proportion to the absolute surface at 
risk rather than to the per-hectare intensity of the 
signal. The Q. rotundifolia pure stratum (Table 
3) is the single largest surface identified by the 
analysis and exceeds every other stratum by a 
factor of five, yet has attracted comparatively 
little monitoring attention.

The SPEI-12 correlation profile (Table 4) sup-
ports a regional early-warning trigger anchored 
on a rolling 12-month SPEI-12 threshold; a can-
didate operational rule is to flag species-level can-
opy risk when the surface-weighted stratum-level 
SPEI-12 falls below −1.5 for two consecutive 
months, with priority given to Q. suber (highest 
concurrent sensitivity) and Q. rotundifolia (larg-
est surface at risk).

The +18.3 to +26.3 percentage-point gain 
on Atlas cedar (Table 5) supports adopting Sen-
tinel-2 as the primary layer for cedar-specific 
surveillance, with Landsat retained as the long-
baseline archive for cork oak and holm oak. A 
monthly Sentinel-2 NDVI composite over the 
two Ca strata, filtered by the same SCL mask and 
updated with the recent-decline detector, would 
provide near-real-time cedar mortality alerts at 
10 m spatial resolution.

The compact cork-oak pure dieback envelope 
around Khénifra and the north-eastern 2022–
2024 holm-oak cluster are candidates for targeted 
assisted-regeneration programmes and possibly 
for provenance-based restoration using drought-
adapted seed sources. The three cedar hotspots 
(1995, 2017, 2021) delineate sub-regions where 
repeated silvicultural intervention (thinning, tar-
geted removal of dying individuals, protection of 
natural regeneration) could plausibly influence 
stand trajectory, with the 2021 front offering the 
widest window of decadal-scale opportunity.

A twice-yearly (spring and early autumn) 
Sentinel-2 composite update over the eight most 
populated DBSCAN centroids of Figure 7 would 
keep the recent-decline flag current within six 
months of the events it detects, at a compute cost 
negligible relative to the field cost of a corre-
sponding ground survey.

Every recommendation above is contingent on 
the field validation planned for the second doctor-
al paper and should be understood as a framework 
for prioritisation rather than as a prescription.
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CONCLUSIONS

This paper presents an integrated satellite ret-
rospective analysis of natural forest dieback for the 
Béni Mellal-Khénifra region of Morocco. Work-
ing exclusively from open data – IFN2 polygons, 
harmonised Landsat and Sentinel-2 archives, and 
the TerraClimate and ERA5-Land reanalyses – 
and from a reproducible Python pipeline, we quan-
tify a cumulated dieback signal of approximately 
187,700 ha (20.1%) of the 936,437 ha of natural 
forest over the 1984-2024 window. The BFAST 
retro-analysis identifies a measurable, species-
differentiated signal across all six IFN2 strata: 
Quercus suber leads with 41.4% of pure stands 
showing dieback, Cedrus atlantica shows an in-
termediate rate (16.6% pure, 22.9% mixed), and 
Quercus rotundifolia shows the lowest per-stratum 
rate (11.0–18.8%) but the largest absolute affected 
area (142,591 ha) because of its dominant surface. 
Autocorrelation-corrected cross-correlations iden-
tify SPEI-12 as the strongest hydro-climatic corre-
late for both oak species (r = +0.36 for cork oak at 
lag 0; r = +0.31 for holm oak at lag 1) and indicate 
a balanced short-and-long-scale profile for Atlas 
cedar, while vapour-pressure-deficit anomaly co-
varies with NDVI at lag 0 for every species – a pat-
tern consistent with stomatal-hydraulic regulation. 
The elevation-correlation gradient (Qs 991 m > Qr 
1.362 m > Ca 1.908 m) inversely tracks SPEI-12 
sensitivity, in broad agreement with biome-level 
patterns reported by Vicente-Serrano et al., (2013). 
Sentinel-2 detects substantially more dieback than 
Landsat for Atlas cedar (+18.3 to +26.3 percentage 
points), a difference compatible with the reduced 
pixel-crown size mismatch when the sensor foot-
print approaches the crown size of a mature C. 
atlantica, whereas Landsat retains value for cork 
oak thanks to its longer pre-disturbance baseline; 
the two archives are therefore complementary, and 
their joint use is likely to strengthen future opera-
tional monitoring.

Beyond the specific results, the analysis pro-
duces three operational outputs on which subse-
quent doctoral work can build: a georeferenced 
list of DBSCAN-identified hotspot centroids per 
species, dated by median first permanent-break 
year; a reproducible parquet layer of per-pixel 
dieback flags, ready for pairing with future field 
validation; and a publication-ready set of figures 
documenting the entire chain from location to 
species × climate lag structure. Two methodologi-
cal caveats warrant emphasis. The SPEI reference 

window (1958–2000) is now exceeded by the 
ongoing 2019–2024 drought event, so SPEI-12 
saturates at its parameterised floor over 4–18% 
of recent months; correlation values reported here 
may therefore underestimate the actual species-
level sensitivity. Additionally, the recent-decline 
flag rescues signals that STL/PELT miss near the 
right-hand series edge, but its final classification 
(permanent versus transitory) will only crystallise 
after the 2025–2027 growing seasons; an updated 
analysis in three years, using pixel-complete rath-
er than random-sample Landsat processing and 
paired with the concurrent field diagnostic of the 
subsequent doctoral paper, is therefore the natu-
ral follow-up. More broadly, the pipeline demon-
strated here — twelve Python scripts, under 2,500 
lines of code, execution time below six minutes 
on a consumer laptop — appears transferable to 
other Maghreb or Sahel regions for which IFN 
polygons and Landsat/Sentinel time series exist. 
The scientific stakes for these regions are consid-
erable: North African forests occupy the southern 
warm edge of the Mediterranean biome and are 
among the most exposed to 21st-century drought 
(Cramer et al., 2018), and making their dieback 
trajectories legible at regional scale, on open data 
and reproducible pipelines, is an important step 
towards evidence-based adaptation policy.
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