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ABSTRACT

The natural regeneration of Tetraclinis articulata represents a vital role in the conservation of semi-arid Mediter-
ranean forest ecosystems. This study aims to characterize and model its spatial dynamics in the forest of Korifla
(Morocco) from 48 plots of land, described by 41 explanatory variables integrating spectral data Sentinel-2, topo-
graphic, climatic and pedological. Factor analysis of mixed data (AFDM) shows that the first two axes explain
46.4% of total variability, mainly according to soil-topographic and water-structural gradients. The Random Forest
(RF) model performed best for shoots (AUC = 0.951) ) than for shoots regeneration (AUC = 0.803); for this rea-
son, it was selected to map the probability of natural regeneration. Random Forest mapping, based on field mea-
surements, reveals a predominance of regeneration by shoots, with a high potential (> 0.66) of 70.01%, compared
to 22.40% for seedlings. Currently, the RF mapping indicates a very high potential (> 0.8) of 43.49% for regenera-
tion by shoots, compared to only 2.63% for regeneration by seedling. The climate projection for 2040 based on
the SSP2-4.5 scenario indicates a predominance of regeneration by shoots is high (> 0.6) over 82.91% of the area,
while regeneration by seedlings is minimal (24.07%). Furthermore, projections based on changes in the NDVI and
GCl indicate relative stability of the predicted probability of the regeneration potential between 2036 and 2046,
For regeneration by seedling, the very high potential (> 0.8) remains almost stable, decreasing from 2.32% in 2036
to 2.43% in 2046.These results highlight the value of combining field data, remote sensing and machine learning
to support the conservation and sustainable management of T. articulata.

Keywords: natural regeneration, spatial modelling, machine learning, geomatics, remote sensing, Tetraclinis ar-
ticulata, Korifla Forest.

important processes by which forest ecosystems
renew themselves through the germination and
growth of young plants, thereby ensuring the sus-
tainability of forest ecosystems and their ability to

INTRODUCTION

Forests are fundamental ecosystems for con-
trolling biogeochemical cycles, preserving biodi-

versity and providing vital ecosystem services to
humanity (FAO, 2020; Kelly & Ray, 2023). Natu-
ral regeneration is considered to be one of the most

survive (Cerioni et al., 2024). Maintaining this en-
vironmental sustainability is a priority in the Medi-
terranean basin, which is characterized by variable
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climatic conditions and strong human pressure
(Duche & Toutchkov, 2018; Mallard et al., 2024).

Among Mediterranean forest ecosystems,
Tetraclinis articulata woodlands, dominated by
Tetraclinis articulata (Vahl) Mast., constitute
ecosystems of high ecological and heritage value
(Esteve-Selma et al., 2017). The thuja is a coni-
fer, endemic to the western Mediterranean region,
has a geographical distribution mainly centered in
the Maghreb, with the largest extent occurring in
Morocco, where it covers approximately 607,900
hectares (EI Mechri et al., 2024). Its ecological
importance extends beyond its silvicultural value:
it contributes to soil stabilization, water regula-
tion within watersheds, and provides a preferred
habitat for numerous associated species in semi-
arid ecosystems (Zahir et al., 2020; Zemrani et
al., 2023) . However, despite being classified as
Least Concern at the global scale, some subpopu-
lations, particularly those in Malta and Spain, are
classified as Endangered or Critically Endangered
(Garcia-Castafio et al., 2021).

Natural regeneration is regarded as an impor-
tant indicator of the development of forest stands
and their long-term viability (Dallahi et al., 2017).
Its success depends on numerous biotic and abiot-
ic factors, including water availability, soil depth,
topographic exposure, vegetation structure, and
grazing pressure, which constitute key determi-
nants of seedling establishment success (Fennane,
1988; Irifi & Tribak, 2024; Rozas et al., 2021).
Regeneration of Tetraclinis articulata may occur
naturally through seedling recruitment or stump
sprouting, or artificially through direct seeding
or planting. It is worth noting that thuja is one
of the few conifers capable of producing stump
sprouts (Esteve-Selma et al., 2017). The absence
of effective natural regeneration significantly
accelerates the decline of Tetraclinis articulata
woodland ecosystems, resulting in structural im-
balances within forest stands (Hadjadj Aoul et al.,
2009). In particular, summer drought and rainfall
variability are major limiting factors, directly af-
fecting the germination, survival and growth of
young seedlings (Benamara et al., 2026; Dallahi
etal., 2017; El Mechri et al., 2024).

Given this complexity, traditional methods
for assessing forest regeneration have significant
limitations. Conventional field inventories, whilst
providing accurate data on seedlings, are labour-
intensive, costly and logistically challenging to
carry out over large areas (Aguirre-Gutiérrez etal.,
2026). Ground-based remote sensing techniques,
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such as laser scanning, struggle to detect plants
less than 1.30 m in height with sufficient accu-
racy (Liang et al., 2016). These methodological
constraints limit our ability to effectively monitor
regeneration dynamics at the landscape scale.

The emergence of remote sensing and geo-
matics offers promising prospects for overcoming
these limitations. Images acquired by Landsat,
Sentinel satellites or other sensors enable the ex-
traction of numerous vegetation indices (NDVI,
EVI, SAVI, NDMI, etc.) which provide informa-
tion on the state of vegetation cover, the vigour of
stands and the environmental conditions influenc-
ing regeneration (Oikonomou et al., 2025; Ste-
vens-Rumann & Morgan, 2019). The integration
of these spatial data into a geomatics environment
facilitates the multi-criteria analysis of ecologi-
cal factors at different spatial and temporal scales
(Witzmann et al., 2025).

At the same time, the contribution of ma-
chine learning is revolutionising the prediction
of regeneration processes (Perbet, 2025). Several
algorithms, notably random forests (RF) and eX-
treme Gradient Boosting (XGBoost), have dem-
onstrated their superiority in modelling post-fire
plant dynamics through the integration of me-
teorological and environmental factors (Taha et
al., 2024).These multivariate models outperform
traditional univariate approaches by capturing the
complexity of ecological interactions and provid-
ing accurate predictions of regeneration trajecto-
ries (Gass & Hulsmann, 2026; Vivian et al., 2026;
Wudel et al., 2026).

Furthermore, the integration of climate pro-
jections based on SSP scenarios also enables the
assessment of the spatial sensitivity of conditions
favourable to regeneration in the face of future
environmental changes. The SSP2-4.5 scenario,
corresponding to an intermediate emissions path-
way, is in particular a relevant benchmark for ex-
ploring potential changes in temperature and rain-
fall conditions in the medium term. Integrating
these future climate data into predictive models
makes it possible to identify areas that are likely
to maintain, improve, or lose favorable condi-
tions for the presence of Tetraclinis articulata
stump sprouts, thereby contributing to improved
anticipation of conservation challenges in Medi-
terranean ecosystems (Madrigal-Gonzalez et al.,
2018; Mechergui et al., 2025).

In this context, this study propose an integrat-
ed framework to characterize and predict the spa-
tial dynamics of natural regeneration of Tetraclinis
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articulata in the Korifla forest, through: (i) the in-
tegration of field surveys with Sentinel-2 data and
topographic, climatic, and pedological variables;
(ii) the explicit distinction between regeneration
by seed and stump sprouts; (iii) the selection of
variables and the application of the Random For-
est model to predict their spatial probability; (iv)
the spatial validation of predictions to limit the
risks of overfitting and spatial autocorrelation;
and (v) the projection of regeneration potential
according to future climatic conditions and veg-
etation dynamics. This approach aims to provide
a robust spatial basis for the monitoring, conser-
vation, and adaptive management of thuja stands
in the face of environmental changes.

METHODOLOGY

Study area

The Korifla forest, which spans up to 15,140
hectares in the communes of Brachoua, Sidi Ya-
hya Zaer, Oum Azza, and Marchouch in the Ra-
bat-Salé-Kénitra region, is dominated by Tetra-
clinis articulata, which occupies approximately
10,436 hectares of the forest (Figure 1).
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Owing to its significant ecological, socio-
economic and environmental value, this forest
is an area of major interest and includes a Site
of Biological and Ecological Interest (SIBE)
covering an area of approximately 2000 ha.
Vegetation cover is dominated by Tetracli-
nis articulata woodlands, which account for
70.2% of the forest area (10,633.1 ha), includ-
ing 10,436.1 ha of pure stands and 197 ha of
mixed stands. Cork oak (Quercus suber) stands
remain limited, covering 185.6 ha. Reforested
areas cover 2,961 ha (19.5% of the forest) and
are mainly composed of Aleppo pine (Pinus
halepensis), complemented by Turkish pine
(Pinus brutia), as well as plantations estab-
lished for the artificial regeneration of thuja
and, to a lesser extent, cork oak. Other land-
cover types include secondary formations, non-
forested areas, shrublands, agricultural land,
poplar plantations, as well as daya wetlands,
built-up areas, and nursery areas.From a biocli-
matic perspective, the forest is situated in the
semi-arid zone with a temperate winter, char-
acterized by variable rainfall. The average an-
nual rainfall recorded at Rommani is approxi-
mately 528 mm, with the dry season lasting for
nearly six months. There is also a considerable

gemw b woow i d

. Study area | Kingdom of Morocco
g N z
g' ", W =+ =3 - .
w E 3 8 + + [%ﬁ**\ -2
] N s Fodil B
s e PRy s 1
* /C\‘( Y
z L% z
- g bt L8
& | £3 S 8
3 + + B /// ¥
: |
z & . z
S b . -5
¢ q / S J q
£ z // |
4 = 2 1
2 P ) B ; £
£ ' 4 L 23
) Q7040 200 420 860 {
< Sources: Esti, USGS,
) L) Ll
15°00W 1070w 500W
ToowW oUW
£ g :
;‘ - =] Rabat-Salé-Kénitra Region
3
z z
8 -3
1
Legend 3 » L
Forest vegetation type w ZL:
z B Vatorral
7 N LT H =
8 B cokoak 4
Cypress.
Cork oak and Eucalyptus é 4 hie g
Eucalyptus 3 3
/// Thujs and reforestation 33
z I Aiopso pine o f’
2 | 277 Adificisl regengration _;
a2 #/#4 Thuja and Cork cak 2
I e
Unstocked - >
00,7855 3 45 6 Forest boundary ;‘,'_ 4 _:g
S — — @ Swiipig poik ] o103 40 & & a
SO — m

T T T T
£480W 6°450'W 5420w 6350W

y T T
eBTW oW soow

Figure 1. Location of the study area
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temperature range in the climate, with tempera-
tures reaching up to 37 °C at the Rommani sta-
tion. All these climatic conditions pose a chal-
lenge to the natural regeneration of forests, and
more specifically to that of the Berber thuja.

Sampling procedure

The collection of the land sample was car-
ried out by defining 20 x 20 m (400 m?) squares.
The observations recorded within each plot were
subsequently extrapolated to a per-hectare basis
to facilitate comparisons among sampling sites.
In addition, 20-m-long linear transects were es-
tablished to characterize selected vegetation attri-
butes and natural regeneration parameters, mea-
sured in March and April (Spring) 2018.

Within each sampling plot, all factors poten-
tially influencing natural regeneration, either di-
rectly or indirectly, were systematically recorded
using a standardized field data sheet (Table 1).
The collected variables were classified into five
major categories:

e Situational characteristics: topographic situa-
tion, exposure and slope.

e Stand structure: percentage of tree, shrub (in-
cluding Cistus spp.), and herbaceous cover; per-
centage of bare soil; number of stems (shoots)
per coppice stool; mean number of stems per
stool; and total number of stump sprouts;

e Natural regeneration characteristics: number
of seedlings by height class (used as an indi-
cator of age), seedling position relative to the
existing vegetation (seed trees, shrubs, sub-
shrubs, etc.), and fruit presence;

e Soil characteristics: substrate type, degree of
soil penetration and cohesion, soil moisture
percentage, and presence of litter;

e Disturbance factors: grazing, erosion, and var-
ious anthropogenic disturbances and forest-
related offences.

A total of 48 plots were surveyed and dis-
tributed throughout the study area to capture the
variability in ecological conditions and forest
stand characteristics.

Measured variables and data preparation

The database comprised 48 field surveys char-
acterized by 41 explanatory variables, grouped
into five categories (Figure 2):
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e Vegetation variables derived from field mea-
surements, describing stand structure and nat-
ural regeneration;

e Topographic factors including elevation, as-
pect and slope, are calculated based on the
digital elevation model (DEM) https://search.
asf.alaska.edu/#/?zoom=9.144&center=-
6.574,33.414&dataset=ALOS ;

e Climatic variables obtained from WorldClim
(Biol, Bio5, Bio6, Biol2, Biol5, Biol8, and
Biol9)  https://www.worldclim.org/data/in-
dex.html ;

e Soil variables extracted from SoilGrids (sand,
clay, silt, organic carbon, nitrogen, pH, bulk
density, cation exchange capacity, coarse frag-
ments, and organic carbon density) https://
soilgrids.org/ ;

¢ Disturbance variables, represented by grazing
and erosion.

All datasets were compiled and prepro-
cessed within the RStudio environment (Posit
team, 2025). The different data sources were
harmonized to construct a common data matrix
linking field observations with the environmen-
tal predictors used in the statistical analyses and
predictive modeling.

Remote sensing data

The remote sensing data used was derived
from Sentinel-2 multispectral images from the
Copernicus program (Drusch et al., 2012), select-
ed for their spatial resolution (10 to 20 m), their
spectral richness and their ability to character-
ize the spatial variations of the vegetation cover.
The image series were processed in Google Earth
Engine (GEE) (Gorelick et al., 2017) https://de-
velopers.google.com/earth-engine/datasets?hl=fr.
This processing consisted in filtering the images
affected by cloud cover, selecting the appropriate
spectral bands and extracting the values corre-
sponding to the sampling plots.

Several spectral indices related to vegeta-
tion condition, photosynthetic activity, water
content and water stress were calculated from
the Sentinel-2 bands, including NDVI, SAVI,
NDWI, MSI, PSRI, NDRE, CVI, TVI, GClI,
EVI and LAI (Table 2). The B3, B4, B5, B8,
B11 and B12 bands were used according to the
requirements of each index. After that, the spec-
tral results were combined with field informa-
tion and environmental data to assess the spatial
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Table 1. Factors assumed to exert a direct or indirect influence on the natural regeneration of Tetraclinis articulata,

recorded within each sampling plot

Variable Code Unit
Number of seedlings NSd Number
Seedling height SH cm
Seedling condition SC 1. Under coppice / 2. Between shrubs / 3. Open area (gap)
Fruit Fruit 1. Absent / 2. Abundant
Number of shoots Nrejets Number
Number of crown Ncrown Number
Number of twig Ntwig Number
Substrate Substrate 1. Well-developed salirqezr.alri)&rjlztrdaet\e/eloped soil /3. Raw
Aspect Aspect 1. Shaded / 2. Sunny (south-facing)
Slope Slope 1.<20% /2. >20%
Topographic position Tposition 1. Upstream / 2. Midstream / 3. Downstream
Tree cover TreeC %
Shrub cover ShrubC %
Cistus cover CistC %
Herbaceous cover HerbaceousC %
Bare soil BS %
Tree litter cover TLC %
Shrub litter cover SLC %
Moisture Moisture %
Penetration resistance (kg/cm?) Penetration kg/cm?
Soil cohesion (kg/cm?) Scohesion kg/cm?
Erosion Erosion 1. Low / 2. Moderate / 3. High
Grazing Grazing 1. Absent/ 2. Present/ 3. Intensive

conditions related to natural regeneration of
Tetraclinis articulata. A diachronic analysis of
Landsat satellite images acquired on average in
April between 1990 and 2026 was carried out
in order to describe the spatio-temporal evolu-
tion of the vegetation cover. The NDVI and GClI
indices were determined based on the appropri-
ate spectral bands, then compared for different
dates to identify trends in vegetation dynamics
and vitality.

Statistical analysis and variable selection

An exploratory data analysis was conduct-
ed to identify the main patterns, structures, and
trends within the field survey data. The number
of shoots has been considered quantitative indica-
tor of the dynamics of natural regeneration. To in-
vestigate regeneration gradients in the statistical
analyses, this variable was categorized into three
classes according to the levels observed across
the sampling plots. Quantitative environmental
variables were also discretized into three classes

based on quantiles when required to examine as-
sociations among variables.

Afactorial analysis of the mixed data (FAMD)
was then carried out in order to explore simul-
taneously the relationships between quantitative
and qualitative variables and to characterize the
structure of plots according to their environmen-
tal conditions and their level of regeneration. The
statistical analyses were performed using the Fac-
toMineR (L€ et al., 2008), factoextra (Irnawati
et al., 2020), Hmisc (Jr et al., 2026), and ggplot2
(Sumner, 2024) packages in R. The spatial anal-
yses and predictive modeling were conducted
using terra (v1.7-71), sf (v1.0-15), randomFor-
est (v4.7-1.1), tidyterra (v0.5.0), and patchwork
(v1.2.0). To ensure reproducibility, a fixed ran-
dom seed was used (set.seed(42)).

Spatial modeling of natural regeneration

Spatial modeling was conducted using data
derived from field surveys and the various en-
vironmental and biophysical layers covering the
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[ Data Type ] [ Acquisition Period l [ Spatial Resolution ] [ Processing / Analysis ] [ Data Source
Sentinel-2 ‘ Derivation of vegetation Copernicus Open Access Hub /
|  August1990-2026 | | 10m — spectral indices > ;
W & Lansat Google Earth Engine
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: J
N ~ ‘ s
QY [ ‘ Spatial characterization of
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) ( (SOC), and nitrogen content
- =
=5 2 % Extraction of topographic
Digital Elevation ‘ - @ 3 : USGS EarthExplorer /
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(
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Field Surveys |—» March 2018 —» | Point-based —p| formodelvalidationand | , Field measurements
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Y ‘uture projection = distribution under the WorldClim Dataset -
@ SSP2-4.5 —» for 2040 > | 30 arc-seconds ‘—b $5P2-4.5 climate change > MIROCE GCM
scenario

Figure 2. Description of the datasets used for the analysis

Table 2. Spectral and biophysical indices used to characterize vegetation and canopy condition from Sentinel-2 data

Biophysical theme Index Main parameter Equation Reference
Vegetation vigor, canopy _ _ (Ma et al., 2023;
NDVI density and green biomass NDVI'= (Bos = Bos) / (Bos + Boa) (1) Maimouni et al., 2011)
Vegetation vigor Reduction of soil background _ B
SAVI effects in sparsely vegetated SAVI= (Bos = Boa)(1+ L) / (Bos + (Huete, 1988)
areas Bos + L) (2)
Veqetation water Assessment of vegetation
cor?tent NDWI water availability and moisture | NDWI= (B08 -B11)/(B08+B11) (3) (Gao, 1996)
levels
Water stress MSI Vegetation water stress and MSI = B4 / Bog (4) (Zhang & Zhou, 2019)
drought conditions T oot s 9 '
Physiological
Leaf senescence and _ _ (Anderegg et al., 2020;
stress / PSRI physiological stress PSRI'= (Bos ~ Boz) / Bos (5) Avetisyan, 2021)
senescence
NDRE Chlorop_hyll content and early | NDRE = (Bog = Bos) / (Bos + Bos) (Liu & Zhu, 2024),
vegetation stress (6)
hlorophyll / cvi | Chlorophyll concentrationand | -~ _ g . g v/ B2 (7 (Vincini et al., 2008)
Ch (;853 )i/cal photosynthetic activity = (Bos * Bos) / Bos® (7) v
gc%i/vity g VI Vegetation structure and TVI =0.5[120(Bys — Bos) — 200(Bo, | (Ma et al., 2023; Yan et
chlorophyll content - Bo3)] (8) al., 2025)
Chlorophyll concentration and _ _
GClI vegetation condition GCl =Bgg/Boz = 1(9) (Pagot et al., 2026)
. Vegetation biomass and I )
B:g?uisti”/ EVI productivity, reducing E\éllngl_) E?&S) By.)/(Bys 6By, — (El Mazi et al., 2026)
p ty atmospheric and soil effects T2
Canopy s_tructure/ LAI Canopy st_ructure and leaf Sentlnel-z bl_ophyswal _product; no (Chatterjee et al., 2025)
productivity area density single analytical equation
Note: B, B,, B,,, B, By By and B, refer to the Sentinel-2 spectral bands. L is the ground adjustment factor

02’ 03" —04' 05" 06’

used in the SAVI index, generally set at 0.5 for moderate vegetation cover. All equations have been calculated

using Sentinel-2 surface reflectance bands.

Korifla Forest. The number of shoots and of seed-
ling recorded in each sampling plot was used as
the reference measure of natural regeneration.
For spatial modeling purposes, the number of
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shoots and of seedling was transformed into a bi-
nary occurrence variable to enable the application
of classification algorithms. Plots with no shoots
were coded as 0 (absence), whereas plots with at
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least one shoot were coded as 1 (presence). This
transformation makes it possible to estimate the
spatial probability of the presence of shoot ac-
cording to environmental conditions, without
seeking to directly predict their abundance.

The explanatory variables include Sentinel-2
spectral indices (NDVI, SAVI, NDWI, MSI,
PSRI, NDRE, CVI, TVI, GCI, EVI and LAI),
topographical variables (such as elevation, aspect
and slope), climatic variables from WorldClim,
and soil variables derived from Soil grids dataset.

Two machine learning algorithms were used:
Random Forest (RF) (Salman et al., 2024), XG-
Boost (Ndiaye et al., 2025). The RF model, which
demonstrated the best classification performance
for regeneration by shoots and by seedling, was
chosen to map the probability of the naturel re-
generation, while both algorithms were used to
assess the robustness of the environmental vari-
ables’ significance.

Model validation and evaluation

To evaluate the model’s performance, a five-
block spatial cross-validation was applied to the
48 observations to limit overfitting and spatial
autocorrelation. The blocks were generated us-
ing the blockCV package (Valavi et al., 2018),
with each iteration using four blocks for training
and one independent block for validation. Perfor-
mance was evaluated using sensitivity, specific-
ity, accuracy, Kappa, precision, F1 score (Sujon
et al.,, 2025), and AUC (Meroua, 2025),along
with its 95% confidence interval. The final Ran-
dom Forest models, trained on the entire dataset,
were then used to generate continuous probability
maps of regeneration via seeding and shoots.

Predictive mapping of natural regeneration

The model achieving the best performance
during validation was applied to the environ-
mental and biophysical raster layers covering the
entire Korifla Forest to estimate, on a pixel-by-
pixel basis (Thenkabail, 2018), the probability of
Tetraclinis articulata naturel regeneration (shoot,
seedling) occurrence under current environmen-
tal conditions. The resulting map provides a con-
tinuous probability gradient, allowing the identi-
fication of areas that are more or less favorable
to natural regeneration. To assess future dynam-
ics, the model was applied to project NDVI and
GCI values, derived from their spatiotemporal

evolution between 1990 and 2026, in order to es-
timate shoot and seedling occurrence probabili-
ties for the 2036 and 2046 horizons. Comparing
the resulting maps makes it possible to identify
changes in regeneration potential associated with
changes in vegetation-cover dynamics. Finally,
the model was applied to projected environmental
variables under the SSP2-4.5 scenario (the refer-
ence period 1970-2000, with a native resolution
of 30 arcseconds) for the 2040 horizon to assess
potential changes in the spatial distribution of ar-
eas favorable to natural regeneration.

RESULTS

Environmental variables and structural
parameters of natural regeneration based
on field measurement

The analysis of ecological and structural
parameters across different vegetation strata re-
veals a high degree of heterogeneity in site con-
ditions, which influences the natural regenera-
tion of Barbary’s thuja (Tetraclinis articulata)
in the Korifla forest (Figure 3). The results show
that regeneration is closely linked to vegetation
cover characteristics, soil properties and envi-
ronmental disturbances. The “High regenera-
tion” class has the highest number of shoots (14
shoots), together with the presence of seedling
regeneration (1.3) and young seedlings (12
cm). The regeneration class featured a substan-
tial tree canopy (53%) and a dense shrub layer
(58%), along with established leaf litter (26%
for trees and 21% for shrubs), which helped re-
tain soil moisture (15%). and favorable condi-
tions for the establishment and development of
young individuals. Moderate regeneration is ob-
served at sites where soil compaction is greater
(3 to 4 kg/cm?) and the proportion of bare soil
increases, which limits the establishment of
young plants despite the presence of vegetative
regeneration. Conversely, low regeneration is
mainly associated with unfavorable ecological
conditions, characterized by rocky or poorly
developed soils, more pronounced erosion and
high grazing pressure.

These factors significantly reduce the natural
regeneration: QsTa: Cork oak and thuja; RbEuTa:
Reforestation of eucalyptus and thuja; RbPhTa:
Reforestation of pine and thuja; Tal: Dense thuja;
Ta2: Medium-dense thuja; Ta2fa: Low to medium
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Structure and typology of plots according
to regeneration dynamics
Factor analysis and explained inertia

The factor analysis and explained inertia
(FAMD) analysis summarized the variability of

all environmental variables into a small number
of factor axes. The distribution of eigenvalues
highlights a gradual decrease in the inertia ex-
plained by the factor axes (Figure 4), with the
first two dimensions accounting for the majority
of the variation (46.4%). This configuration re-
flects the existence of major ecological gradients
structuring the environmental conditions of the
study area. The selected axes thus provide a com-
prehensive representation of the variability in the
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Figure 4. Percentage of explained inertia by axis (48 variables)
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remote-sensing, topographical, climatic and soil
variables used in the modelling, which captures
the main environmental gradients influencing the
natural regeneration of Tetraclinis articulata.

Typology of sampling plots based on
regeneration dynamics

The typological analysis of the sampling plots
reveals three distinct levels of natural regenera-
tion of Tetraclinis articulata, assessed on the basis
of the number of shoots recorded in 400 m2 plots
(Figure 5). High levels of natural regeneration (8
to 14 shoots) are mainly observed in dense (Tal)
and moderately dense (Ta2) thuja stands, where
canopy conditions appear to favour the mainte-
nance of an active regeneration process. Con-
versely, moderate regeneration (8 to 4 shoots)
characterises low-density thuja stands (Ta3) as
well as mixed stands combining thuja with cork
oak, eucalyptus or pine (TaQs, RbEuTa), reflect-
ing ecological conditions less favourable to the
establishment of young trees. Finally, low natu-
ral regeneration (fewer than 4 shoots) is observed
in very open thuja stands (Ta4) and in mixed re-
plantings of thuja with pine or eucalyptus (RbEu-
Ta, RbPhTa). The latter showed virtually no re-
generation from seed during field observations,
suggesting that these stands offer conditions that
are not conducive to the natural regeneration of
Tetraclinis articulata.

Variables driving the natural regeneration of
Tetraclinis articulata

The AFDM reveals a structure among the
48 variables, with the first two dimensions ex-
plaining 46.4% of the variance (Dim 1: 25.7%);

Dim 2: 20.7%). Dim 1 is primarily associated
with vegetation indices (NDVI, LAI, SAVI,
NDRE), while Dimension 2 is more closely
linked to forest structure and microhabitat con-
ditions (Number of Twigs (Ntwig), Number of
Crowns (Ncrown), Tree Cover (TreeC), Shrub
Cover (ShrubC), Bare Soil (BS)). The other
variables, particularly topographic and biocli-
matic factors, contribute less significantly to this
factor plan. Nevertheless, their integration into
geospatial machine learning models remains es-
sential to account for their complex interactions
and predicted spatial suitability of regeneration
of Tetraclinis articulata at the macroecologi-
cal scale, particularly in the context of climate
change (Figure 6).

Variable importance and determinants of
regeneration

The analysis of predictor importance identi-
fied the main environmental factors governing the
dynamics of natural regeneration of Tetraclinis ar-
ticulata in the Korifla Forest, taking into account
the two components of regeneration: seedlings
and shoots. The relative importance of the vari-
ables was assessed using Random Forest (average
reduction in the Gini index) and XGBoost (rela-
tive gain) models, as shown in Figures 7 and 8.

In both models, micro-environmental charac-
teristics and canopy structure (Number of Twig,
aspect, OCD, Bio05) demonstrated the high-
est predictive power and relative gain regarding
seedling regeneration, indicating that initial seed-
ling establishment relies heavily on protective
shade and thermal and edaphic micro-conditions.
Conversely, herbaceous cover and soil surface
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Figure 5. Typology of sampling plots for regeneration dynamics (48 variables)
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properties (Herbaceous Cover, Bare Soil, Soil
Cohesion, Penetration Resistance) proved pre-
dominantly important for predicting vegetative
shoot regeneration, reflecting the dependence of
stump sprouts on herbaceous competition and
substrate physical stability. The strong agreement
between the importance rankings from Random
Forest (Figure 7) and the relative gains from XG-
Boost (Figure 8); marked by the overwhelming
dominance of Herbaceous Cover and Number of
Twig, confirms the robustness of the key factors
identified and validates the non-linear variable se-
lection process.
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Validation of Predictive Models for the two
types of natural regeneration

The Random Forest models showed good
discriminatory ability for both regeneration path-
ways, with higher performance for shoot regen-
eration (AUC = 0.951) than for shoots regenera-
tion (AUC = 0.803). Seedling prediction exhib-
ited a more balanced trade-off between sensitivity
(0.696) and specificity (0.800), whereas shoot
prediction achieved very high sensitivity (1) at
the expense of lower specificity (0.364). Overall
accuracy and F1-scores were satisfactory for both
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models (0.727 and 0.914, respectively), support-
ing their use for spatial prediction under the spa-
tial block cross-validation framework (Table 3).

Mapping of natural regeneration potential

Spatial distribution of natural regeneration
observed from field surveys

The natural regeneration of Tetraclinis ar-
ticulata exhibits marked spatial heterogeneity,
with stump sprouts predominating over seedlings
(Figure 9). The regeneration potential via stump
sprouts is very high (> 0.66) across 70.01% of
the forest area, compared to 22.40% for seed-
lings, whereas low potential (< 0.33) applies to
only 1.66% of the area for sprouts, compared to
14.06% for seedlings. The highest levels of re-
generation are mainly located in the eastern part
of the massif, particularly near the Oued EI Ma-
chrae, as well as on lower slopes, in ravines, and
in more favorable areas. Conversely, regenera-
tion is low on the plateau and in the southwest-
ern part, where rocky and limestone substrates

predominate. Several areas also lack natural re-
generation, reflecting a high degree of spatial het-
erogeneity in stand renewal.

Current state of regeneration potential
predicted by the Random Forest model

The predictive mapping generated by the
Random Forest model highlights a generally fa-
vorable current potential for natural regeneration
in the Korifla Forest (Figure 10).

However, regeneration by seedling growth re-
mains very low (less than 0.2) in the southern part
of the forest (2 %), dominated by cork oak, while
it shows higher potential in certain northern areas,
particularly near the SIBE and close to the SMBA
dam. In contrast, regeneration by stump shoots
(more than 0.6) is widespread and covers most
of the forest (78.86%), with particularly high po-
tential on slopes and in valleys. The combination
of these two regeneration modes thus reveals a
favorable overall regeneration potential across
much of the study area, underscoring the impor-
tance of vegetative regeneration in the renewal of

Table 3. Performance of Random Forest models for the two types of natural regeneration using spatial block

cross-validation

Regeneration N Sensitivity Specificity Accuracy Kappa Precision F1 AUC
Seedling 48 0.696 0.8 0.75 0.497 0.762 0.727 0.803
Shoots 48 1 0.364 0.854 0.468 0.841 0.914 0.951
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shoots (B) and combined (C) predicted by the RF model

Tetraclinis articulata. This distribution is consis-
tent with the favorable conditions, which may be
linked to the exceptionally wet nature of this year,
which improved water conditions and promoted
vegetation growth and regeneration dynamics.

Future projection under climate change

The projection according to the SSP2-4.5 sce-
nario to 2040 highlights a clear predominance of
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the predicted probability of occurrence of regen-
eration by stump sprouts (Figure 11), with an av-
erage probability of 0.744 compared to 0.495 for
seedlings. The regeneration potential by shoots is
high (> 0.6) over 82.91% of the area, while re-
generation by seedlings is minimal (24.07%). The
projection thus suggests that the capacity of Tetra-
clinis articulata to maintain itself is primarily en-
sured by vegetative regeneration. Conversely, the
relatively low contribution of seedlings reflects a
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limitation of sexual renewal under the projected
climatic conditions. These results therefore high-
light the major role of stump sprouts in the future
persistence of stands and suggest an increased
vulnerability of regeneration by seeding to future
climatic conditions.

Prediction of regeneration potential
according to NDVI and GCI dynamics

The prospective analysis of the NDVI and
GCl indices between 2036 and 2046 highlights a
continuous increase in plant vigor in the Korifla
forest (figurel2). The area associated with very
high NDVI values (> 0.70) increases from 7.40%
to 12.90%, while very high GCI (>4) experienc-
es a significant doubling, rising from 1.88% to
5.84%. The stability of the moderate classes and
the dominance of the high classes reflect a densi-
fication of the forest canopy.” These prospective
trajectories serve as key explanatory variables for
anticipating areas favorable to the natural regen-
eration of Tetraclinis articulata.

Projections based on NDVI and GCI dynam-
ics between 1990 and 2026 show strong stability
of the predicted probability of the regeneration
potential between 2036 and 2046 (Figure 13). For
regeneration by seeding, the very high potential
(> 0.8) remains almost stable, decreasing from
2.32% in 2036 to 2.43% in 2046. For regenera-
tion by shoots, it also remains high, at 40.73% in
2036 versus 41.08% in 2046, confirming the pre-
dominance of suckers in future projections. These
results demonstrate a high degree of suitability in
future potential and suggest the continuation of

(A) Seedling Potential (2040 SSP2-4.5)

(B) Shoots Potential (2040 SSP2-4.5)

conditions favorable to the regeneration of Tetra-
clinis articulata, with a predominant contribution
from vegetative regeneration.

DISCUSSION

Spatial heterogeneity of regeneration

The spatial distribution of natural regenera-
tion of Tetraclinis articulata highlights a strong
degree of heterogeneity within the Korifla forest.
This heterogeneity suggests that the occurrence
of root and stump sprouts is associated with a
combination of site, topographic, edaphic, hydro-
logical, and vegetation-cover structural factors,
whose relative importance varies spatially across
the forest (Dallahi et al., 2017; Hadjadj Aoul et
al., 2009).This interpretation is consistent with
studies conducted on Moroccan thuja forests,
which show that natural regeneration is particu-
larly favored in areas characterized by relatively
high elevations, cooler exposures, relatively deep
soils, and low grazing pressure (Irifi & Tribak,
2024). Field analyses show that areas with higher
tree cover (53%) and shrub cover (58%) are also
characterized by a greater occurrence of sprouts.
This association may reflect a facilitative effect
of vegetation cover, potentially creating more
favorable microenvironmental conditions for
the persistence of vegetative regeneration, par-
ticularly through the reduction of direct radiation
and water losses (Cohen et al., 2025). However,
these mechanisms cannot be considered directly
demonstrated by our spatial approach and would
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Figure 11. Probability of regeneration presence of Tetraclinis articulata under current conditions and projected
for 2040 under the SSP2-4.5 scenario using the RF model
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Figure 12. Dynamics of vegetation indices and future predictions

require complementary microclimatic measure-
ments. The spatial distribution of Sentinel-2 indi-
ces highlights strong heterogeneity in vegetation
vigor and water status, consistent with the spatial
variability in regeneration observed in the field
(Zsigmond et al., 2026).

Typology and factorial structuring of plots
according to regeneration dynamics

The analysis of environmental variables and
the typology of plots obtained using Multiple
Factor Analysis for Mixed Data confirms a spa-
tial organization of regeneration, as this method
is well suited to mixed ecological datasets (Pages,
2014).This spatial organization can be interpret-
ed through the concept of “safe sites”, whereby
certain local configurations provide more favor-
able environmental conditions for the persistence
and expression of regeneration, particularly in
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semi-arid environments (Stammel et al., 2006).
This structuring rather emphasizes the impor-
tance of edaphic and hydrological conditions in
the spatial occurrence of sprouts (Dallahi et al.,
2017; El Haddadi et al., 2022), in agreement with
studies highlighting the role of local environmen-
tal conditions in thuja regeneration (Zemrani et
al., 2023) and (Nichols et al., 2020).

Determinants of regeneration: the
contribution of machine learning

The Random Forest model enables the identi-
fication of the environmental variables that make
the strongest predictive contribution to the pres-
ence of saplings, including soil water availability
and vegetation cover structure. This result is con-
sistent with (Vanwalleghem et al., 2009). Further-
more, the variable importance profiles obtained
with Random Forest and XGBoost highlight
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Figure 13. Predicted regeneration probability for 2036 and 2046 on the evolution of NDVI and GClI
(1990-2026)

non-linear relationships between certain predic-
tors and the probability of occurrence, indicating
that the environmental conditions associated with
favorable natural regeneration do not necessarily
follow simple linear relationships.

Model performance and spatial mapping of
regeneration potential

The performance results of Random Forest
indicate a very good ability to distinguish sites of
the naturel regeneration, and (Zhao et al., 2023)
found similar results. This situation highlights
the importance of local conditions in the estab-
lishment of young seedlings (Acevedo-Limon et
al., 2024) and supports the role of environmental
factors in forest regeneration (Lloret et al., 2011).
The agreement between the predicted prob-
abilities and the observed distribution of shoots
confirms the effectiveness of this approach in
identifying environmental conditions favourable
to regeneration. However, whilst this mapping
provides information on the current potential for

shoots occurrence, it does not, on its own, al-
low for a direct prediction of the future success
of thuja regeneration. But constitutes a decision-
support tool for forest management, making it
possible to identify areas that should be preserved
as well as those requiring enhanced monitoring or
restoration actions (Zhao et al., 2023).

Integrated response of natural
regeneration to environmental change:
contribution of climate projections and
vegetation-cover dynamics

The model projection according to the
SSP2-4.5 scenario for the 2040 horizon (2021-
2040 period) revealed a suitability and spatial
dominance of high potential (> 0.66) naturel
regeneration by shoots in 82.91% of the for-
est area. In the Mediterranean context, where
increasing temperatures and declining wa-
ter availability constitute major vulnerability
factors for forest ecosystems (Koulelis et al.,
2026; Madrigal-Gonzalez et al., 2018), this
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heterogeneity could become more pronounced
over longer time horizons (Intergovernmental
Panel on Climate Change (IPCC), 2023). How-
ever, projections based on trends in NDVI and
GCI indices between 1990 and 2026 showed
that the proportion of very high NDVI values
(> 0.60) increased from 19.33% to 27.16%,
while the proportion of high GCI (> 4) values
increased from 1.88% to 5.84%. These indices
thus reflected the overall response of vegetation
cover to environmental conditions. In particu-
lar, the NDVI is recognised as a relevant indi-
cator of changes in vegetation productivity and
dynamics in response to environmental varia-
tions (Pettorelli et al., 2005). This stability may
be explained by the inertia of topographic and
edaphic factors, whereas climate change pro-
gressively affects vegetation-cover conditions.
This interpretation is particularly relevant for
T. articulata, for which annual rainfall, average
temperature, and precipitation availability dur-
ing the driest month play a major role in shaping
the future configuration of its distribution range
(Mechergui et al., 2025; Touaf et al., 2026).
Areas that are currently favorable and pro-
jected to remain stable or experience an increase
could therefore constitute priority sectors for the
conservation of natural regeneration, whereas
areas showing a decline should be subject to
enhanced monitoring. Such an approach would
make it possible to integrate climate projections
into thuja conservation planning and to anticipate
future changes in its regeneration potential.

Limitations and uncertainties of the
modelling approach

Despite the high performance achieved, the
interpretation of the results should take into ac-
count several limitations inherent to spatial mod-
elling. First, converting the number of sprouts ob-
served in the field into a binary variable (absence
= 0; presence = 1) makes it possible to model the
probability of sprout occurrence but does not re-
tain information regarding their abundance. Thus,
two plots containing one sprout and several dozen
sprouts, respectively, are considered to belong to
the same presence class. The model therefore pri-
marily provides information on the environmen-
tal conditions favorable to the occurrence of veg-
etative regeneration rather than on its intensity.

Second, despite the diversity of environmen-
tal variables incorporated into the model, some
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ecological processes that may influence sprout
dynamics remain difficult to represent spatially,
particularly biotic interactions, local seed avail-
ability, fine-scale stand structure, and certain
forms of anthropogenic disturbance. These fac-
tors may account for part of the variability that
remains unexplained by the predictors used.

Third, despite the use of spatial block cross-
validation, some spatial dependence between ob-
servations may persist, particularly with a limited
sample size (n = 48). High performance (AUC,
F1) should therefore be interpreted with caution,
as estimates conditional on the sampling design
and the spatial structure of the study area.

Finally, projections for the 2040 horizon are
based on a specific climate scenario (SSP2-4.5)
and on the available future climate data. They
should consequently be regarded as a representa-
tion of the potential spatial response of environ-
mental conditions favorable to sprout occurrence,
rather than as a deterministic prediction of future
regeneration dynamics. The uncertainty associat-
ed with the climate scenario, climate models, and
assumptions of stationarity in the relationships
between environmental conditions and sprout oc-
currence should be taken into account when inter-
preting future maps.

CONCLUSIONS

This study characterized and modelled the
spatial distribution of vegetative regeneration of
Tetraclinis articulata in the Korifla forest by inte-
grating field observations, remote sensing, envi-
ronmental variables, and machine learning. Field
surveys based on the number of shoots revealed
strong spatial heterogeneity in regeneration, asso-
ciated in particular with hydrological and edaphic
conditions, vegetation-cover structure, and topo-
graphic characteristics.

The Random Forest model demonstrated a
very high ability to distinguish between sites with
and without saplings. Analysis of the variables’
contributions particularly highlights the impor-
tance of soil water availability and vegetation
cover structure in determining the probability of
saplings being present. The resulting map thus
enables the spatial identification of areas with
conditions favourable to natural regeneration.

The projection to 2040 under the SSP2-4.5
scenario, shows relative stability of the predicted
probability of the regeneration in regeneration
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potential, however, these results suggest a spatially
differentiated response to environmental changes.

Thus, the integration of field data, geomatics

and machine learning provides a useful tool for
mapping, monitoring and guiding the conserva-
tion of natural thuja regeneration. Areas with a
high and stable probability of sapling occurrence
can, in particular, be considered priorities for con-
servation, whilst areas showing a decline warrant
closer monitoring.

REFERENCES

1.

Acevedo-Limén, L., Rumeu, B., Bracho-Estévanez,
C.A., & Gonzélez-Varo, J. P. (2024). EstablishMed,
a dataset of transition probabilities for woody plant
establishment in the Mediterranean Region. Global
Ecology and Biogeography, 33(9), e13879. https://
doi.org/10.1111/geb.13879

Aguirre-Gutiérrez, J., Cortes, ., Nunes, M. H., Cho,
M. A., Takeshige, R., & Malhi, Y. (2026). Remote
sensing delivers tropical forest resilience monitor-
ing for the Global Biodiversity Framework. Na-
ture Reviews Biodiversity. https://doi.org/10.1038/
544358-026-00178-6

Anderegg, J., Yu, K., Aasen, H., Walter, A., Li-
ebisch, F., & Hund, A. (2020). Spectral Vegetation
Indices to Track Senescence Dynamics in Diverse
Wheat Germplasm. Frontiers in Plant Science, 10.
https://doi.org/10.3389/fpls.2019.01749

Avetisyan, D. (2021). A satellite-based modified
plant senescence reflectance index for green-water
drought monitoring. Earth Resources and Environ-
mental Remote Sensing/GI1S Applications Xl1, 11863,
354-364. https://doi.org/10.1117/12.2599676

Benamara, F. Z., Hasna, T., Hicham, I., Abdelkebir,
0., & Nadia, M. (2026). Contribution de la mise en
défens dans la restauration écologique de la tétra-
clinaie (Tetraclinis articulata) dans la forét de Ko-
rifla. La Revue Espace, Homme et Développement
Durable, 1(7), 30-44.

Cerioni, M., Brabec, M., Bace, R., Baders, E.,
Boncéina, A., Bruna, J., Che¢ko, E., Cordonnier, T.,
de Koning, J. H. C., Diaci, J., Dobrowolska, D.,
Dountchev, A., Engelhart, J., Fidej, G., Fuhr, M.,
Garbarino, M., Jansons, A., Keren, S., Kitenberga,
M., ... Nagel, T. A. (2024). Recovery and resilience
of European temperate forests after large and se-
vere disturbances. Global Change Biology, 30(2),
e17159. https://doi.org/10.1111/gcb.17159

Chatterjee, S., Baath, G. S., Sapkota, B. R., Flynn,
K. C., & Smith, D. R. (2025). Enhancing LAI es-
timation using multispectral imagery and machine
learning : A comparison between reflectance-based

10.

11.

12.

13.

14.

15.

16.

17.

and vegetation indices-based approaches. Comput-
ers and Electronics in Agriculture, 230, 109790.
https://doi.org/10.1016/j.compag.2024.109790

Cohen, O., Sheffer, E., Bar-Shmuel, N., Weber, G.,
Guy, A, Avioz, T., & Osem, Y. (2025). Determi-
nants of naturalization and invasion of Tetraclinis
articulata in eastern Mediterranean drylands : Is it
a “superinvader”? Biological Invasions, 27(3), 94.
https://doi.org/10.1007/s10530-025-03538-z

Dallahi, Y., Chahhou, D., El Aboudi, A., Aafi, A.,
Abbas, Y., Mounir, F., & Abidine, M. M. O. (2017).
The dynamics of natural regeneration of Tetraclinis
articulata (Vahl) Masters in the Moroccan Central
Plateau. Plant Sociology, (54(2)), 37-41. https://doi.
0rg/10.7338/pls2017542/04

Duche, Y., & Toutchkov, M. (2018). Impacts des
incendies sur les milieux naturels et stratégies de
réhabilitation de ces espaces, L’exemple de la région
méditerranéenne francaise. forét méditerranéenne t.
XXXIX, n° 1, mars 2018. Forét Méditerranéenne.
https://www.foret-mediterraneenne.org/_0/upload/
biblio/FORET_MED_2018 1 21-30.pdf

El Haddadi, R., EI Mekkaoui, A., Zouahri, A., Ouaz-
zani Touhami, A., & Douira, A. (2022). Effect of
growing media on morpho-physiological quality
attributes of Tetraclinis articulata seedlings. Forest
Science and Technology, 18(3), 108-117. https://doi.
0rg/10.1080/21580103.2022.2104936

El Mazi, M., Saber, E.-R., EI-Bouhali, A., Hmamou-
chi, M., Bade, M., & Dhaouadi, L. (2026). Long-
term Response of \Vegetation to Global Change in
the High Rif (Morocco) : An Analysis Based on
Remote Sensing Data. Earth Systems and Environ-
ment, 10(6), 7535-7555. https://doi.org/10.1007/
s41748-025-01018-x

El Mechri, O., Belgherbi, B., Benaradj, A., & Ber-
kane, 1. (2024). Spatial distribution of Tetraclinis
articulata (Vahl) Mast. Formations in north- western
Algeria. Biodiversity: Research and Conservation,
74,43-52. https://doi.org/10.14746/biorc.2024.74.6

Esteve-Selma, M. A., Montoya, P., Moya Pérez, J.,
Martinez, J., Hernandez, I., Carrion, J., Charco, J.,
Fernandez, S., Munuera, M., & Ochando, J. (2017).
Tetraclinis articulata : Biogeografia, ecologia,
amenazas y conservacion (Direccion General de
Medio Natural. 248 pp).

FAO. (2020). Evaluation des ressources forestiéres
mondiales 2020. www.fao.org. https://www.fao.org/
interactive/forest-resources-assessment/2020/fr
Fennane, M. (1988). Phytosociologie des tétra-
clinaies marocaines.

Gao, B. (1996). NDWI—A normalized difference
water index for remote sensing of vegetation lig-
uid water from space. Remote Sensing of Envi-
ronment, 58(3), 257-266. https://doi.org/10.1016/
S0034-4257(96)00067-3

41



Ecological Engineering & Environmental Technology 2026, 27(12), 25-44

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

42

Garcia-Castafio, J. L., Balao, F., Lorenzo, M. T,
Véla, E., Hadjadj-Aoul, S., Mifsud, S., & Terrab,
A. (2021). A complex genetic structure of Tetra-
clinis articulata (Cupressaceae) in the western
Mediterranean. Botanical Journal of the Linnean
Society, 197(3), 420-438. https://doi.org/10.1093/
botlinnean/boab030

Gass, L. C., & Hulsmann, L. (2026). Mapping
the next forest generation reveals multiple re-
generation gaps across German forests. Journal
of Applied Ecology, 63(3), €70315. https://doi.
0rg/10.1111/1365-2664.70315

Hadjadj Aoul, S., Chouieb, M., & Loisel, R. (2009).
Effet des facteurs environnementaux sur les pre-
miers stades de la régénération naturelle de Tetra-
clinis articulata (Vahl, Master) en Oranie, Algérie.
https://doi.org/10.3406/ecmed.2009.1385

Huete, A. R. (1988). A soil-adjusted veg-
etation index (SAVI). Remote Sensing of
Environment, 25(3), 295-309. https://doi.
0rg/10.1016/0034-4257(88)90106-X

Intergovernmental Panel on Climate Change (IPCC).
(2023). Climate Change 2022 — Impacts, Adaptation
and Vulnerability : Working Group 11 Contributionto
the Sixth Assessment Report of the Intergovernmen-
tal Panel on Climate Change. Cambridge Univer-
sity Press. https://doi.org/10.1017/9781009325844

Irifi, H., & Tribak, A. (2024). Argania spinosa and
Tetraclinis articulata seedling regeneration factors
in the lower valley of Wadi Tamri (Morocco)-Irifi,
H et Tribak, A. 48, 133-150.

Irnawati, 1., Riswanto, F., Riyanto, S., Martono, S.,
& Rohman, A. (2020). The use of software packages
of R factoextra and FactoMineR and their applica-
tion in principal component analysis for authenti-
cation of oils. Indonesian Journal of Chemomet-
rics and Pharmaceutical Analysis, 1. https://doi.
org/10.22146/ijcpa.482

Jr, F. E. H., Beck, C., & Dupont, C. (2026). Hmisc :
Harrell Miscellaneous (\Version 5.2-6) [Logiciel].
https://cran.r-project.org/web/packages/Hmisc/in-
dex.html

Kelly, J. F., & Ray, J. (2023). Regional impacts of
agricultural land use history on forest vegetation
and soils : Comparing primary and post-agricul-
tural forests in Northern New Jersey. Forest Ecol-
ogy and Management, 549, 121427. https://doi.
0rg/10.1016/j.foreco.2023.121427

Koulelis, P. P., Solomou, A., & Bourletsikas, A.
(2026). Climate Signals and Carry-Over Effects
in Mediterranean Mountain Fir Forests: Early
Insights from Autoregressive Tree-Ring Models.
Atmosphere, 17(1), 108. https://doi.org/10.3390/
atmos17010108

Lé, S., Josse, J., & Husson, F. (2008). FactoMin-
eR: An R Package for Multivariate Analysis.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Journal of Statistical Software, 25, 1-18. https://
doi.org/10.18637/jss.v025.i101

Liang, X., Kankare, V., Hyyppa, J., Wang, Y., Kuk-
ko, A., Haggrén, H., Yu, X., Kaartinen, H., Jaak-
kola, A., Guan, F., Holopainen, M., & Vastaranta, M.
(2016). Terrestrial laser scanning in forest invento-
ries. ISPRS Journal of Photogrammetry and Remote
Sensing, Theme issue « State-of-the-art in photo-
grammetry, remote sensing and spatial information
science », 115, 63-77. https://doi.org/10.1016/j.
isprsjprs.2016.01.006

Liu, Y., & Zhu, X. (2024). Tracking mangrove light
use efficiency using normalized difference red edge
index. Ecological Indicators, 168, 112774. https://
doi.org/10.1016/j.ecolind.2024.112774

Lloret, F., Keeling, E. G., & Sala, A. (2011).
Components of tree resilience : Effects of succes-
sive low-growth episodes in old ponderosa pine
forests. Oikos, 120(12), 1909-1920. https://doi.
0rg/10.1111/j.1600-0706.2011.19372.x

Ma, T., Hu, Y., Wang, J., Beckline, M., Pang, D.,
Chen, L., Ni, X., & Li, X. (2023). A Novel Veg-
etation Index Approach Using Sentinel-2 Data and
Random Forest Algorithm for Estimating Forest
Stock Volume in the Helan Mountains, Ningxia,
China. Remote Sensing, 15(7), 1853. https://doi.
0rg/10.3390/rs15071853

Madrigal-Gonzélez, J., Andivia, E., Zavala, M., Ca-
latayud, J., Sanchez-Salguero, R., & Ballesteros-Ca-
novas, J. (2018). Disentangling the relative role of
climate change on tree growth in an extreme Medi-
terranean environment. Science of The Total Envi-
ronment, 642, 619-628. https://doi.org/10.1016/j.
scitotenv.2018.06.064

Maimouni, S., Bannari, A., El-Harti, A., & EI-
Ghmari, A. (2011). Potentiels et limites des indices
spectraux pour caractériser la dégradation des solsen
milieu semi-aride. Canadian Journal of Remote Sens-
ing, 37(3), 285-301. https://doi.org/10.5589/m11-038

Mallard, F., Geoffroy, F., & Dragon, T. (2024). Pro-
gramme recherche-action Aux Arbres Citoyens—
Etude de la régénération naturelle des foréts post-
incendie—Cas d’étude des foréts méditerranéennes
de la Réserve Naturelle Nationale et du massif de
la plaine des Maures. Rapport final. Société Natio-
nale de Protection de la Nature. https://hal.science/
hal-05039421

Mechergui, K., Hayat, U., Ahmad, M. H., Alamri,
S. M., Alamery, E. R., Fageih, K. Y., Aldubehi, M.
A., & Jaouadi, W. (2025). Forecasting the Impact of
Climate Change on Tetraclinis articulata Distribu-
tion in the Mediterranean Using MaxEnt and GIS-
Based Analysis. Forests, 16(10), 1600. https://doi.
0rg/10.3390/f16101600

Meroua, B. (2025). Développement d’un modele
de prédiction et de diagnostic médical assisté par



Ecological Engineering & Environmental Technology 2026, 27(12), 25-44

Uintelligence artificielle. [Thesis, univercity centre
of abdelhafid boussouf mila]. http://dspace.centre-
univ-mila.dz/jspui/handle/123456789/4484

38. Ndiaye, M., Boissy, R., Faye, M., & Kouao, N.
(2025). Evaluation comparative des algorithmes
d’apprentissage automatique pour la classifica-
tion des types de sols a partir de caractéristiques
physico-chimiques : Application de Random For-
est, XGBoost, SVM et KNN. VertigO. https://doi.
0rg/10.4000/13raq

39. Nichols, B., Leubner, G., & Jansen, V. (2020). Be-
tween a rock and a hard place : Adaptive sensing
and site-specific dispersal. https://doi.org/10.22541/
au.158620155.55077453

40. Oikonomou, P., Karathanassi, V., Andronis, V., &
Papoutsis, I. (2025). Assessing and Forecasting
Natural Regeneration in Mediterranean Landscapes
After Wildfires. Remote Sensing, 17(5), 897. https://
doi.org/10.3390/rs17050897

41. Pages, J. (2014). Multiple Factor Analysis by Exam-
ple Using R. In Multiple Factor Analysis by Example
Using R (p. 253). https://doi.org/10.1201/b17700

42.Pagot, M., Rodriguez, M. I., Juaneda, M., Fer-
reyra, A., Smrekar, M., & Rodriguez, A. (2026).
Tecnologia y ciencias del agua. Tecnologia y
ciencias del agua, 17(1), 388-422. https://doi.
0rg/10.24850/j-tyca-imta

43.Perbet, P. (2025). Perturbations et régénéra-
tions des foréts canadiennes par télédétection
et apprentissage profond. https://hdl.handle.
net/20.500.11794/178085

44, Pettorelli, N., Vik, J. O., Mysterud, A., Gaillard,
J.-M., Tucker, C. J., & Stenseth, N. Chr. (2005).
Using the satellite-derived NDVI to assess ecologi-
cal responses to environmental change. Trends in
Ecology & Evolution, 20(9), 503-510. https://doi.
0rg/10.1016/j.tree.2005.05.011

45, Rozas, V., Garcia-Cervigon, A. I., Garcia-Hidalgo,
M., Rodriguez-Garcia, E., & Olano, J. M. (2021).
Living on the edge : Legacy of water availability
on Tetraclinis articulata secondary growth under
semiarid conditions in Morocco. Dendrochro-
nologia, 68, 125853. https://doi.org/10.1016/j.
dendro.2021.125853

46. Salman, H. A., Kalakech, A., & Steiti, A. (2024).
Random Forest Algorithm Overview. Babylonian
Journal of Machine Learning, 2024, 69-79. https://
doi.org/10.58496/BJML/2024/007

47. Stammel, B., Kiehl, K., & Pfadenhauer, J. (2006).
Effects of experimental and real land use on seedling
recruitment of six fen species. Basic and Applied
Ecology, 7(4), 334-346. https://doi.org/10.1016/j.
baae.2005.08.004

48. Stevens-Rumann, C. S., & Morgan, P. (2019). Tree
regeneration following wildfires in the western

US : Areview. Fire Ecology, 15(1), 15. https://doi.
0rg/10.1186/s42408-019-0032-1

49. Sujon, K. M., Hassan, R., Choi, K., & Samad, M.
A. (2025). Accuracy, precision, recall, f1-score, or
MCC? Empirical evidence from advanced statis-
tics, ML, and XAl for evaluating business predictive
models. Journal of Big Data, 12(1), 268. https://doi.
0rg/10.1186/s40537-025-01313-4

50. Sumner, J. L. (2024). Visualizing Data with ggplot2.
In J. L. Sumner (Ed.), R for Political Science Re-
search : An Introduction for Absolute Beginners (p.
237-265). Springer Nature Switzerland. https://doi.
0rg/10.1007/978-3-031-75853-9 12

51.Taha, S., Guendouz, R., & llyes, A. (2024). Modé-
lisation et Implémentation d’un Systéme de Prédic-
tion d’Arrosage Automatique des Plantes a I’aide
de I’Apprentissage Automatique. Master in ibn khal-
doun-TiaretUniversité. https://dspace.univ-tiaret.dz/
items/ce033450-7294-484b-8f56-569a75036¢06

52. Thenkabail, P. (Ed.). (2018). Remote Sensing Hand-
book—Three Volume Set. CRC Press. https://doi.
0rg/10.1201/b19355

53. Touaf, M., Echogdali, F. Z., Abioui, M., El Asbah-
ani, A., Boukhalef, L., Nait Douch, A., Ain-Lhout,
F., & Boutaleb, S. (2026). Resilience and Thresh-
old-like Behavior of Moroccan Tetraclinis articulata
(Vahl) Mast. Ecosystems Under Four Decades of
Climate Warming. Atmosphere, 17(2), 161. https://
doi.org/10.3390/atmos17020161

54. Valavi, R., Elith, J., Lahoz-Monfort, J. J., & Guillera-
Arroita, G. (2018). blockCV : An R package for gener-
ating spatially or environmentally separated folds for
k-fold cross-validation of species distribution models
(p. 357798). bioRxiv. https://doi.org/10.1101/357798

55. Vanwalleghem, T., Giraldez, J. V., Jiménez-Hornero,
F.J., & Laguna, A. (2009). Evaluating a general sedi-
ment transport model for linear incisions under field
conditions. Earth Surface Processes and Landforms,
34(14), 1852-1857. https://doi.org/10.1002/esp.1865

56. Vincini, M., Frazzi, E., & D’Alessio, P. (2008). A
broad-band leaf chlorophyll vegetation index at the
canopy scale. Precision Agriculture, 9(5), 303-319.
https://doi.org/10.1007/s11119-008-9075-z

57.Vivian, J., Chazdon, R. L., Shapcott, A., & Lee, D.
J. (2026). Toward a deeper understanding of recov-
ery trajectories in forest ecosystem restoration : A
machine learning approach. Restoration Ecology,
(Restor Ecol e70483). https://doi.org/https://doi.
0rg/10.1111/rec.70483

58. Witzmann, S., Gollob, C., KraRnitzer, R., Ritter, T.,
Tockner, A., Moik, L., Sarkleti, V., Ofner-Graff, T.,
Schume, H., & Nothdurft, A. (2025). Quantification
of Forest Regeneration on Forest Inventory Sam-
ple Plots Using Point Clouds from Personal Laser
Scanning. Remote Sensing, 17(2), 269. https://doi.
0rg/10.3390/rs17020269

43



Ecological Engineering & Environmental Technology 2026, 27(12), 25-44

59.Wudel, C., Schlicht, R., Meyer, N., Huth,
F., Wehnert, A., Micheletti, T., & Berger, U.
(2026). A novel workflow for forest regenera-
tion prediction. European Journal of Forest
Research, 145(2), 47. https://doi.org/10.1007/
510342-026-01886-6

60. Yan, K., Gao, S., Yan, G., Ma, X., Chen, X., Zhu,
P., Li,J., Gao, S., Gastellu-Etchegorry, J.-P., Myne-
ni, R. B., & Wang, Q. (2025). A global systematic
review of the remote sensing vegetation indices.
International Journal of Applied Earth Observa-
tion and Geoinformation, 139, 104560. https://doi.
0rg/10.1016/j.jag.2025.104560

61. Zahir, 1., Elazaoui, S., Chakouri, M., & Naouer,
B. (2020). Etude ethnobotanique de Tetraclinis ar-
ticulata dans la région de Béni Mellal—Khénifra.
Ethnobotany Research and Applications, 19. https://
doi.org/10.32859/era.19.36.1-22

62. Zemrani, M., Camarero, J. J., Valeriano, C., Ru-
bio-Cuadrado, A., Fulé, P. Z., Diaz-Delgado, R.,
& Taiqui, L. (2023). Site-contingent responses to

44

drought of core and relict Tetraclinis articulata
populations from Morocco and Spain. Dendro-
chronologia, 80, 126103. https://doi.org/10.1016/j.
dendro.2023.126103

63. Zhang, F., & Zhou, G. (2019). Estimation of vegeta-
tion water content using hyperspectral vegetation in-
dices : A comparison of crop water indicators in re-
sponse to water stress treatments for summer maize.
BMC Ecology, 19(1), 18. https://doi.org/10.1186/
512898-019-0233-0

64.Zhao, H., Sun, Y., Jia, W., Wang, F., Zhao, Z., &
Wu, S. (2023). Study on the Regeneration Prob-
ability of Understory Coniferous Saplings in the Li-
angshui Nature Reserve Based on Four Modeling
Techniques. Remote Sensing, 15(19), 4869. https://
doi.org/10.3390/rs15194869

65. Zsigmond, T., Kizhisseri, M., & Horel, A. (2026).
Comparative evaluation of vegetation indices for
water and heat stress detection and monitoring across
land cover types. Scientific Reports, 16(1), 19832.
https://doi.org/10.1038/s41598-026-50643-7



