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ABSTRACT

The wetlands of the province of Taza (Morocco) are highly sensitive to climate variability due to pronounced
spatial heterogeneity, with arid plains and wetter high-altitude areas. This study investigates the spatio-temporal
dynamics of vegetation cover in these wetlands and predicts future changes under climate change scenarios using
an integrated approach that combines remote sensing (NDVI) and machine learning algorithms (MaxEnt, Random
Forest, and XGBoost). A set of bioclimatic, topographic, and hydrological variables was used to model vegetation
distribution, and model performance was evaluated using AUC metrics. Results indicate that XGBoost and Random
Forest outperform MaxEnt, providing highly accurate predictions of vegetation dynamics. Current NDVI patterns
show that low-density vegetation dominates approximately 42% of the study area, while medium and high NDVI
classes cover 33% and 26%, respectively. Projections to 2060 and 2100 under SSP 245 and SSP 585 scenarios sug-
gest a slight decline in low NDVI areas, relative stability of medium NDVI classes, and moderate expansion of high
NDVI areas, indicating resilience in some ecosystems. Spatial analysis further identifies specific stations (Oued El
Bared, Lac Tamda, Oued M’soun, and Oued Chaouya) as highly vulnerable to combined climate and anthropogenic
pressures, whereas others (Bab Louta and Ras El Ma) show greater resilience. This study demonstrates that integrat-
ing NDVI with machine learning enables robust prediction of vegetation responses to climate change, providing a
scientific basis for adaptive management and conservation strategies in vulnerable wetland ecosystems.

Keywords: wetlands, province of Taza, climate change, NDVI, machine learning.

INTRODUCTION

Climate change is widely recognized as one
of the major drivers affecting terrestrial ecosys-
tems worldwide. Changes in temperature, preci-
pitation patterns, and the increasing frequency
of extreme climatic events can significantly alter
vegetation dynamics, ecosystem productivity,
and biodiversity. Vegetation plays a key role in
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regulating ecological processes such as carbon
sequestration, water balance, and habitat provi-
sion, making it particularly sensitive to climatic
variability. Consequently, understanding how
vegetation responds to climate change has be-
come an important focus in ecological research,
particularly in regions where ecosystems are
already exposed to climatic stress and environ-
mental degradation.
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In this context, climate change represents an
additional threat to plant and animal populations
(Sala et al., 2001). Its impacts on vegetation dy-
namics may lead to significant disturbances in
terrestrial ecosystems, including reductions in
biodiversity and ecosystem resilience. As a result,
assessing ecosystem vulnerability has become a
central topic in ecological research (Reichstein et
al., 2013; Zhou et al., 2014; Xu et al., 2020).

To better understand these processes and
monitor vegetation responses to environmental
change, remote sensing has become an essen-
tial tool for analyzing vegetation dynamics over
large spatial and temporal scales. Satellite ima-
gery allows continuous observation of vegetation
conditions and provides valuable information on
ecosystem responses to environmental changes.
Among the most widely used indicators, the
normalized difference vegetation index (NDVI)
is commonly applied to assess vegetation vigor,
density, and productivity based on the spectral
response of plant canopies. NDVI derived from
satellite platforms such as the Landsat program
and Sentinel-2 has been extensively used to ana-
lyze long-term trends in vegetation cover, detect
land degradation processes, and evaluate ecosys-
tem responses to climate variability across diffe-
rent environmental contexts.

Vegetation dynamics are influenced by se-
veral environmental parameters, particularly cli-
matic and hydrological factors that control eco-
system water balance. Changes in precipitation
and temperature can modify processes such as
evapotranspiration, interception, and soil mois-
ture availability, thereby influencing vegetation
growth and distribution (Singh et al., 2003; Ori-
moloye et al., 2018). The consequences of these
interactions may lead to vegetation degradation
and biodiversity loss across different ecological
environments (Germer et al., 2011).

In North Africa, and particularly in Moroc-
co, ecosystems are increasingly affected by cli-
mate variability and long-term climatic changes.
The Kingdom of Morocco is considered one of
the African countries most vulnerable to climate
change and its associated impacts. Long-term cli-
matic observations indicate a clear warming trend
accompanied by decreasing rainfall and an increa-
sing frequency of extreme weather events (Chag-
did et al., 2023; Ait Brahim et al., 2023). Accor-
ding to Driouech et al. (2021), the average annual
temperature increased by approximately 1.1 °C per
decade between 1984 and 2016 across the country.

In addition, several studies have reported signifi-
cant changes in the timing and spatial distribution
of precipitation (Tramblay et al., 2012; Abahous
et al., 2018; Bouizrou et al., 2022). In southern
regions of Morocco, rainfall has decreased by ap-
proximately 27-37 mm per decade between 1970
and 2012 (Filahi et al., 2016). Overall, precipita-
tion variability ranges between 50 and 80%, while
maximum daily temperatures have increased by
about 1.5 °C since 1900, with important environ-
mental consequences (IPCC, 2022).

Given these climatic pressures, effective
adaptation and management strategies are in-
creasingly required to mitigate the impacts of
climate change on agricultural and forest ecosys-
tems. Such strategies often involve collaboration
among different stakeholders and require reliable
scientific information to support decision-ma-
king processes (Eckardt et al., 2023; Godde et al.,
2020). Consequently, modeling and prediction
tools have become essential for assessing future
ecological changes and supporting sustainable re-
source management.

In recent years, modeling approaches based
on Machine Learning have increasingly been used
to analyze and predict vegetation distribution and
ecosystem responses to environmental change.
These algorithms are capable of capturing complex
and non-linear relationships between vegetation
patterns and environmental variables such as cli-
mate, topography, and hydrological conditions. Se-
veral methods have been widely applied in ecolo-
gical modeling, including Maximum Entropy Mo-
deling (MaxEnt), Random Forest, and XGBoost.
These approaches have demonstrated strong pre-
dictive performance in studies related to habitat sui-
tability, land-use change, and vegetation dynamics,
making them valuable tools for assessing potential
ecological responses to future climate scenarios.

More specifically, predictive models have
been widely used to simulate species distribution
and vegetation suitability under different environ-
mental conditions (Garzén et al., 2006; Keenan
et al., 2011; Blanco et al., 2020). These models
generate spatially explicit maps that represent
habitat suitability or potential vegetation distri-
bution (Elith et al., 2006; Tarkesh and Jetschke,
2012; Bedair et al., 2023). Over the past decades,
predictive vegetation modeling has progressively
shifted toward machine learning approaches,
which provide improved accuracy and flexibility
in ecological applications (Almeida et al., 2023;
Beigaité et al., 2022; Ferchichi et al., 2022; Qu et
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al., 2024). These algorithms have been success-
fully applied in several environmental studies,
including fire risk mapping, hydrogeological ha-
zard assessment, and land-use change prediction
(Javidan et al., 2021; Martin et al., 2019; Noralla-
hi et al., 2021; Kavhu et al., 2021).

Within Morocco, the province of Taza repre-
sents a particularly sensitive region due to its cli-
matic contrasts, characterized by relatively arid
plains and higher rainfall in mountainous areas.
These environmental gradients create diverse
ecosystems that are vulnerable to climatic varia-
bility. Recent studies have reported a decline in
floral diversity, habitat degradation, and increased
vulnerability of vegetation cover to climate varia-
bility in this region (ElI Madihi et al., 2021; Ha-
zyoun et al., 2025). These findings highlight the
importance of developing robust approaches to
anticipate future ecological changes and support
sustainable ecosystem management.

Despite the growing application of remote
sensing and predictive modeling in ecological
research, spatio-temporal analyses of vegetation
dynamics remain limited in many semi-arid Me-
diterranean regions, including Taza Province.
Wetlands located in climatically heterogeneous
landscapes are particularly understudied, even
though they represent ecosystems highly sen-
sitive to climatic variability and anthropogenic
pressures. Most previous studies in Morocco
have focused primarily on regional climate trends
or biodiversity inventories, while fewer investi-
gations have integrated satellite-derived vegeta-
tion indices with predictive modeling approaches
to assess vegetation responses to climate change
at the local scale. This lack of integrated ana-
lyses limits the ability to anticipate future vege-
tation changes and to support effective ecosystem
conservation and management.

To address this research gap, the present study
aims to analyze the spatio-temporal evolution of
vegetation cover in the wetlands of Taza Province
using satellite-derived NDVI time series. Fur-
thermore, machine learning algorithms, including
MaxEnt, Random Forest, and XGBoost, are ap-
plied to model and predict future vegetation dy-
namics under different climate change scenarios.
The objectives of this study are to (i) evaluate the
predictive performance of these models, (ii) iden-
tify vulnerable and resilient wetland ecosystems,
and (iii) provide projections of vegetation changes
under mid- and long-term climate scenarios to
support adaptation and conservation strategies.
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MATERIALS AND METHODS

Study areas

Our study was conducted in the province of
Taza (Figure 1), which covers an area of 7.101
km? and is characterized by its mountainous ter-
rain. It is divided into the Rif and Atlas regions,
representing the meeting point between the Rif
and the Middle Atlas.

The study area is located between two differ-
ent geological domains: the Middle Atlas and the
Pre-Rifain sector. This area offers the character of
a contrasting mountain region with plateaus, hills,
and plains. Thus, the study area extends over two
different structural domains of Morocco, namely
the Meseto-Atlas domain and the Rif domain. In
addition, the region is characterized by fairly high
altitudes (1.500 to 2.000 m in the Tazekka but-
tonhole region), which allows for winter rainfall
(more than 1.000 mm/year on average).

The province of Taza is bordered to the north
by the province of Al-Hoceima, to the northeast
by Nador, to the east by Taourirt, to the south by
Boulemane, and to the west by the provinces of
Taounate and Sefrou (latitude: 34° 13" 00" N, lon-
gitude: 4° 01" 00" W, altitude: 550 m).

Eight study stations were carefully selected
(Figure 1) in the province of Taza, namely:

e QOued M’Soun and Oued Chaouya, located in
the municipality of Aknoul;

e Ras El Ma (Ras-El-Oued), located south of the
city of Taza, in the municipality of Bab Boudir;

e Oued El Bared, which belongs to the munici-
pality of Maghraoua;

e [ake Tamda (Guelta Tamda), which is a natu-
ral lake in the rural municipality of Bouiblane;

e Bab Louta, which is located in the municipal-
ity of Smiaa;

e QOued Marticha, which is located in the munici-
pality of El Gouzat; and finally Oued Lhajar,
which is located in the municipality of Tainaste.

Climate data

Information on annual precipitation and tem-
perature was obtained from the National Agency
for Water and Forests, Taza provincial office.
These observations were used to build the ombro-
thermic diagram describing the climatic regime
of the study area.

Recent climate data used in this study were
obtained from the WorldClim v2.1 database
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Figure 1. Spatial distribution of study areas in the province of Taza

(Fick and Hijmans, 2017), which provides inter-
polated climate surfaces representing the refer-
ence period 1970-2000 at a spatial resolution of
2.5 arc-minutes (~5 km). Selected bioclimatic
variables included temperature and precipita-
tion-related indicators commonly used in eco-
logical modelling.

Future climate projections were derived from
the ACCESS-CM2, one of the global climate
models developed within the CMIP6 framework
using the WorldClim v2.1 database with the same
resolution of the historic data. The ACCESS-CM2
model was developed by the Commonwealth
Scientific and Industrial Research Organisation
(CSIRO) and has been widely used in climate
projection studies (Dix et al., 2019).

Two shared socioeconomic pathway (SSP)
scenarios were selected to represent different
greenhouse gas emission trajectories SSP 245,
representing a moderate or intermediate emission
pathway and SSP 585, representing a high-emis-
sion or pessimistic scenario. We use two-time
horizons: 2060, and 2100, allowing the assess-
ment of potential climate impacts on vegetation
dynamics in the study area.

Vegetation data

Vegetation maps were developed based on the
period of maximum photosynthesis observed in
the analyzed region. Sentinel-2 Level 2A surface
reflectance images were used to obtain vegetation
data, thanks to their high spatial resolution (10 m
for B2, B3, B4, and B8) and their relevance for
vegetation monitoring. Initially, a vector file of
the Taza area was developed using QGIS v3.40.0,
before being transferred to the Google Earth En-
gine (GEE) platform. The selection of Sentinel-2
images (COPERNICUS/S2 SR) was made to fo-
cus exclusively on the target area and the spring
season from March 1 to April 20, 2025, retaining
only scenes with less than 10% cloud cover in the
WGS84 coordinate system A median composition
was produced to minimize contamination from
clouds and temporal fluctuations. The standard
equation was then used to calculate the normal-
ized difference vegetation index (NDVI), which is
a standard index (Rouse and Haas, 1973; Tucker,
1979) used for vegetation analysis (Gao, 1996).
It is calculated from the red (R) and near-infra-
red (NIR) spectral bands. This index, normalized

69



Ecological Engineering & Environmental Technology 2026, 27(5), 66—80

between -1 and +1, distinguishes non-vegetated
surfaces, such as water (-1), from areas of active
vegetation (+1). The NDVI formula is as follows:

NDV] = ——— (1)

where: NIR — reflectance in the near infrared
band, R — reflectance in the red band.

The NDVI map obtained was then classified
into three classes (low, medium, and high) using
unsupervised K-means classification in the plat-
form GEE, corresponding to increasing levels of
vegetation density and photosynthetic activity.
These classes were used as the target variable
for modeling.

Several phytoecological surveys were car-
ried out during successive field trips in March
2024, using the plot sampling method with
MapsOffline software to determine the loca-
tion of the plots, thus ensuring adequate spatial
representation of the study area. This plot selec-
tion rule was developed in order to adequately
represent the ecologic variety of the site with a
systematic and reproducible procedure that tries
to encompass both vegetation cover and species
frequency (Braun-Blanquet, 1932).

Environmental variables

A set of environmental predictors (Table 1)
was chosen to investigate vegetation distribu-
tion and dynamics, including bioclimatic, topo-
graphic, and hydrological variables. Bioclimatic
variables, topographic variables (elevation, slope,
and exposure) were derived from digital elevation
model. Furthermore, the indices include NDWI,
which is to observe the characteristics of each
land target in several spectral bands and, then,
the segmentation of land from open water. Actu-
ally, the NDWI index is the reciprocal to NDVI
index (McFeeters, 1996 and Xu, 2006). Accord-
ing to Sims and Gamon (2003), the NDWI is an
adequate water absorption index compared to
the NDVI. Its values range between -1 and +1
(McFeeters, 1996). To characterize surface mois-
ture conditions, the topographic moisture index
(TWI) was calculated in Google Earth Engine
(GEE). It was created by Beven and Kirkby in
1979. Based on DEM, this index is calculated de-
pending on the slope and drained area, to discern
areas where water is stagnant, and, thus, the soil
moisture may be higher.
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All predictors were resampled to a spatial
resolution of 30 meters to align with the NDVI
grid using the terra library (v1.9-1; https:/
CRAN.R-project.org/package=terra). Continu-
ous variables were resampled using bilinear in-
terpolation, while categorical variables (soil and
land cover) were resampled using the nearest-
neighbor method. To address potential collinear-
ity, Pearson’s correlation coefficients were cal-
culated between predictors (Table 1). Variables
exhibiting high correlation, defined as Pearson’s
r values > 0.75 or < -0.75, were identified and
subsequently removed following the guidelines
of Mechergui et al. (2021).

For each model type (Random Forest, XG-
Boost, and MaxEnt), a single balanced training
dataset was randomly extracted from the stacked
predictors and the NDVI reference raster. This da-
taset was then used to train all classes within that
model type. Specifically, MaxEnt models were
trained on a one-vs-rest basis, with one model
per class, while sharing the same training points
across models. All training datasets were saved to
ensure reproducibility.

Distribution modeling

In this study, vegetation distribution dynam-
ics were modeled using three machine learn-
ing algorithms: Random Forest (randomForest
v4.7-1.2; https://CRAN.R-project.org/package
= randomForest), XGBoost(xgboost v3.2.0.1;
https://CRAN.R-project.org/package=xgboost),
and Maximum Entropy (MaxEnt, implement-
ed via the maxnet v0.1.4 package; https://
CRAN.R-project.org/package=maxnet). Train-
ing data were generated through a stratified ran-
dom sampling approach applied to the NDVI
classification map, which was categorized from
the start into three vegetation classes: low, me-
dium, and high, alongside the environmental
predictors. About 1,000 balanced samples were
used to ensure equal representation of each
NDVI class. The dataset was split into training
(65%) and testing (35%) subsets using a fixed
random seed (42) to guarantee reproducibility.
To ensure the spatial consistency between the
response variable and the observations. After
filtering out missing values, each class was rep-
resented by 333 points, ensuring a globally bal-
anced dataset.

Random Forest models were trained with
500 trees, and variable importance was evaluated
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using the Gini impurity index. XGBoost was
configured with a learning rate (eta) of 0.05, a
maximum tree depth of 6, 600 boosting rounds,
subsample and column sample ratios of 0.8, and
early stopping after 30 rounds without improve-
ment. MaxEnt models employed a one-versus-
rest approach for multi-class classification, en-
abling all feature types and using the cloglog
output format.

Model predictive performance was evalu-
ated using the area under the ROC curve (AUC),
which measures the probability that a randomly
selected presence pixel is assigned a higher pre-
dicted value than a randomly selected absence
pixel. This metric assesses the model’s ability
to distinguish presence from absence locations
(Elith et al., 2006; Phillips et al., 2006). AUC

values range from 0 to 1, where values > 0.75
indicate good performance, values around 0.5 in-
dicate predictive discrimination close to random
chance, and values below 0.5 indicate worse than
chance performance (Elith et al., 2006).

Spatial predictions were generated over the
study area using the predict() function from the
terra package, producing probability maps for
each vegetation class. Final classification maps
were created by assigning each pixel to the class
with the highest predicted probability.

To quantify areal changes in the three NDVI
vegetation classes (Low, Medium, and High)
under current and future climate scenarios, ras-
ter data from observed NDVI (2025) and model
predictions (Random Forest, XGBoost, and
MaxEnt for 2060 and 2100 under SSP2-4.5 and

Table 1. List of environmental variables considered as predictors for modeling in the province of Taza

Type (Source) Code Description Units Status

Bio1 Annual mean temperature °C Discarded

Bio 2 (mean of ml\gfltar:}yd:ﬁ;r;(a—lr;?: ?:mperature) c Retained

Bio3 Isothermality (BIO2/BIO7 x 100) °C Retained

Blot (sandard deviaton *100 'C_ | Discarded

Bio5 Maximum temperature of warmest month °C Retained

Bio 6 Minimum temperature of coldest month °C Discarded

Bio 7 Temperature annual range (BIO5 - BIO6) °C Retained

Bio 8 Mean temperature of wettest quarter °C Retained

Climate (WorldClim — historical and Bio 9 Mean temperature of driest quarter °C Discarded

future), spatial resolution: 2.5 arc- Bio 10 Mean temperature of warmest quarter °C Discarded
minutes (~5 km)

Bio 11 Mean temperature of coldest quarter °C Discarded

Bio 12 Annual precipitation mm Retained

Bio 13 Precipitation of wettest month mm Discarded

Bio14 Precipitation of driest month mm Discarded

e

Bio16 Precipitation of wettest quarter mm Discarded

Bio17 Precipitation of driest quarter mm Discarded

Bio18 Precipitation of warmest quarter mm Retained

Bio19 Precipitation of coldest quarter mm Discarded

Elevation Terrain elevation above sea level m Retained

Aspect Slope orientation from North ° Retained

Slope Steepness of the land surface ° Retained

Topography, spatial resolution: =30 m NDWI Normalized difference water index Retained

DEM Digital elevation model m Retained

ol | e e o

LandSurf Land surface c_haracter_istics /land cover Retained

information
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SSP5-8.5 scenarios). For each raster, the sur-
face area of each class was calculated by multi-
plying the number of pixels per class by the cell
size. The 2025 NDVI map served as a baseline,
with class areas replicated for each model and
scenario to enable comparisons. Class identifi-
ers were replaced with descriptive labels (Low,
Medium, High), and datasets were combined
into a unified table. Changes in surface area rel-
ative to the 2025 baseline were then computed,
for each vegetation class, model, scenario, and
year. In this work the majority of all analyses
were conducted in R/RStudio (version 2025-10-
31 Build 452).

RESULTS

Climatic data

An examination of the ombrothermic
diagrams (Figure 2) for stations in the province
of Taza reveals a Mediterranean climate cha-
racterized by significant spatial heterogeneity.
The Guelta Tamda and Oued El Bared stations
have a high number of dry months throughout
the year, indicating a permanent water deficit,
even though the wet season is relatively more
pronounced in the cold season. The stations of
Bab Louta, Oued Lhajar, and Oued Marticha
show more pronounced seasonal variation, with
wet months concentrated mainly from October to
April, while dry months are concentrated from
May to September. The Oued M’Soun, Chaouya,
and Ras El Ma stations stand out during the dry
period from June to April in the province of Taza.
The ombrothermic diagrams for the various sta-
tions show a prevalence of dry conditions in the
summer, and while winter precipitation is most
conducive to recharge, the data from the om-
brothermic analyses corroborate Hazyoun et al.
(2025), the significant differences in net tem-
perature and rainfall patterns between stations
confirm that the climate allows for seasonal va-
riations in vegetation cover dynamics.

Performance and contribution of variables

In the wetlands of the province of Taza, we
observed that the MaxEnt, Random Forest, and
XGBoost models showed good overall predic-
tive capabilities. The results highlight that the
XGBoost and Random Forest models are by far
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the most effective among the algorithms used,
with AUC values (Figure 3) for test performance
reaching very high values, ranging from 0.97
to 1.00 for each low, medium, and high class.
XGBoost stands out for its robustness and in-
disputable performance, offering a perfect AUC
(AUC=1.00) during training and very high val-
ues in testing. The Random Forest model also
shows interesting performance, although slight-
ly less so in testing, particularly for the inter-
mediate class, while MaxEnt performs less well,
with lower and more heterogeneous test AUCs,
especially for the intermediate class, due to
poorer generalization in the study area. Despite
this, we will entrust our spatial prediction to the
XGBoost model, followed by Random Forest,
then MaxEnt, which performs less well in our
study area.

Assessment of temporal and spatial change
in NDVI using the XGBoost model in wetlands
in the province of Taza

The results provided by the XGBoost model
are an indicator of significant changes in vegeta-
tion cover (as a proportion of surface area or ab-
solute surface area (expressed in m?)) of the dif-
ferent ecotypes in the assessed territory, compar-
ing the current state (2025) with the projected ho-
rizons of 2060 and 2100 (Figure 4), in the climate
change scenarios present in the model (SSP245
and SSP585).

Low NDVI class (discontinuous grasslands,
degraded areas)

At present (2025), the low NDVI class (Fig-
ure 5) is predominant (0.2503 m?), representing
41.88% of the study area and reflecting the high
proportion of discontinuous grasslands, partial-
ly bare soils, and areas of low plant productiv-
ity in the province of Taza. By 2060, this class
will be greatly reduced in area. According to
SSP245, the area will be equal to (0.2172 m?),
i.e., 36.34% of the study area, and according to
SSP585 (0.2175 m?), i.e., 36.39% of the study
area, indicating a spatial decline in degraded
environments. By 2100, the share of this class
remains almost identical to that of 2060, 36.30%
(0.2170 m?) according to SSP245 and 36.34%
(0.2172 m?) according to SSP585, reflecting a
slowdown in the dynamics of vegetation cover
restoration over time.
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Figure 2. Ombrothermic diagrams for the stations studied in the wetlands of the province of Taza
between 1994 and 2024

Average NDVI class (continuous grasslands

and semi-dense formations)

The average NDVI class (Figure 5) cur-

rently (2025) covers 0.1943 m? (32.50% of the
total area), corresponding to continuous grass-
lands and intermediate vegetation formations.
By 2060, the share of this class will decrease
only slightly, with a value of 0.1884 m? (31.52%

of the total area) under SSP245 and 0.1883 m?
(31.49%) under SSP585, reflecting the rela-
tive spatial stability of the class. The class
shows a slight recovery by 2100, with an area

of 0.1896 m? (31.72% of the total area) under
SSP245 and 0.1893 m? (31.67%) under SSP585,
confirming the intermediate and buffer role of
this class in the face of climate change.
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Figure 4. Vegetation changes predicted by XG boost for the study area over three periods (2025, 2060,
and 2100) and two climate scenarios (SSP 245 and SSP 585)

High NDVI classes (forests and dense area) under SSP245 and 0.1633 m? (27.31%) un-
vegetation) der SSP585, which is sufficient to suggest rela-
tive resilience and forest expansion. By 2100, this
High NDVI classes (forests and dense veg- class remains fairly stable, at 0.1625 m? (27.18%
etation) (Figure 5) represent 0.1532 m? (25.62%  of the total area) under SSP245 and 0.1625 m?
of the total area) at the present time (2025). By (27.19%) under SSP585, which is enough to sug-
2060, there will be a slight increase in their spa- gest a certain long-term vulnerability, at least un-
tial area, reaching 0.1634 m? (27.34% of the total der the most extreme climate scenarios.
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Environmental degradation in Taza - the
most vulnerable stations according to an
XGBoost model

The XGBoost analysis carried out on the
eight stations in the province of Taza (Oued El
Bared, Lake Tamda, Oued Msoun, Oued Cha-
ouya, Oued Lhajar, Oued Marticha, Bab Louta,
and Ras El Ma) shows that there is a specific and
progressive degradation of environmental qual-
ity between the current situation in 2025 and the
projections for 2060 and 2100 (Figure 4). In the
current situation, the stations at Qued El Bared,
Lake Tamda, Oued Msoun, and Oued Chaouya
are the most degraded because they are dominat-
ed by low classes due to high climate and water
pressures, while Oued Lhajar and Oued Marti-
cha are in an intermediate situation with medium
classes and moderate vulnerability.

Based on these factors, the localities of Bab
Louta and Ras El Ma are characterized by rela-
tively more favorable conditions, notably the
relatively larger proportion of middle and up-
per classes, which effectively gives them a bet-
ter ecological status compared to the current
state of the environment. Medium-term projec-
tions indicate a more widespread phenomenon

| XGBoost |

0.250

0.225

0.200

Surface area (m?)

0.1754

|

2025 2060 2100

0.150
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Class * High ® Low = Medium Scenario = SSP245 = SSP585

Figure 5. Projected vegetation changes
in the wetlands of Taza province using
the XGBoost model over three periods
(2025, 2060, and 2100) and two climate scenarios
(SSP 245 and SSP 585)

of degradation for all stations, although the in-
tensity varies greatly depending on the scenario.
Thus, according to the SSP245 scenario, deg-
radation continues in a rather gradual manner,
leading to an extension well beyond the stations
that are already fragile.

In the SSP585 scenario, this differentiation is
reinforced, with a rapid and widespread increase
in severely degraded areas by 2100. The most
vulnerable stations (Oued El Bared, Lak Tamda,
Oued Msoun, and Oued Chaouya) are particularly
affected, but so are the stations initially classified
as the most resilient (Bab Louta and Ras El Ma).
Overall, we can deduce from the results obtained
that the eight stations are highly sensitive to pro-
jected climate change, with greater vulnerability
in the eastern and southern parts of the province
of Taza, and good performance of the XGBoost
model for this type of spatio-temporal approach
to environmental degradation, including in a par-
ticular configuration of our data.

Projected changes in vegetation cover
in wetlands in the province of Taza
through 2100: Comparison of MaxEnt,
Random Forest, and XGBoost models

Figure 6 shows the evolution of vegetation in
the wetlands of the province of Taza as a percent-
age of the current state for three dates (2025, 2060,
2100) (Table 2), according to the three projection
models (MaxEnt, Random Forest, XGBoost) and
the two climate scenarios (SSP245 and SSP585).
Major changes can be seen between 2025 and
2060, with areas stabilizing between 2060 and
2100. The MaxEnt model indicates a sharp de-
cline in the low class and an increase in the in-
termediate class, while the high class declines.
Meanwhile, the Random Forest and XGBoost
models show much more gradual changes, with
a slight decrease in low vegetation areas, relative
stagnation in intermediate vegetation, and a slight
increase in high vegetation.

For all models, the differences between the
two scenarios, SSP245 and SSP585, are very
small. This suggests that the results are deter-
mined more by the model used than by the cli-
mate scenario.

Overall, his projections show the onset of a
change in vegetation structure in the wetlands
of Taza province towards denser vegetation
classes, which appears to be taking place from
2060 onwards.
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DISCUSSION

Spatio-temporal response of vegetation
cover to future climate change in wetlands in
the province of Taza

The results of this study suggest a regressive
transformation of the vegetation cover struc-
ture in the province of Taza under the effect of
future climate change. The slight decrease in
low NDVI classes and the overall stability, or
even slight increase, in medium and high NDVI
classes between 2025 and 2060 foreshadow a
differentiated response of ecosystems to cli-
matic constraints. Trends observed in several
semi-arid regions of Morocco and North Afri-
ca where vegetation is limited but not absent,
capable of adapting to rising temperatures and
precipitation variability (Hazyoun et al., 2025).
Nonetheless, the stabilization of the above-
mentioned trends by 2100 under the scenario
of SSP585 shows a resilience potential but may
test the limit of such. Some factors indicate that
cumulative impacts of water stress will sub-
stantially affect resilience in the long term (Dri-
ouech et al. 2021). The degree of climatic vari-
ability reflected in the ombrothermic diagrams
gives rise to predominantly low NDVI classes
found in stations characterised by permanent
water deficits, which confirms findings of other
studies by Nicholson (2000) and Cherlet et al.
(2018), in which water availability limited plant

productivity in semi-arid environments. Finally,
NDVI stability does not indicate a fully stable
ecological system.It can mask internal chang-
es in vegetation cover, such as changes in the
specific composition, density, or physiological
state of plants. Studies based on NDVI show
that decreased precipitation and increased tem-
peratures lead to a significant decline in photo-
synthetic activity, particularly in Mediterranean
regions where vegetation is already subject to
chronic water stress (Anyamba and Tucker,
2012; Fensholt et al., 2015).

A growing body of data indicates a reduction
in vegetation cover on a global scale (Almeida
et al., 2023; Ben Mariem and Chaieb, 2017;
Mechergui et al., 2021; Sarikaya and Orucu,
2021). The increase in patchy grasslands could
indicate a shift in this region toward drier condi-
tions, as reported by Sun et al. (2022), who ana-
lyzed vegetation patterns as indirect indicators
of changes in weather conditions. The expan-
sion of bare soil areas could cause fragmentation
and regression of essential habitats as well as a
decline in biodiversity, which would have sig-
nificant impacts on the conservation capacity of
protected areas (Bedair et al., 2023; Kaky et al.,
2020; Mechergui et al., 2021). The study from
the wetlands of the province of Taza provides
further evidence of the high degree of sensitiv-
ity of vegetation cover to both interannual and
future climactic change.
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Figure 6. Projected vegetation change (in m? relative to current conditions) in wetlands in the province of Taza
over three periods (2025, 2060, and 2100) according to the three projection models (MaxEnt, Random Forest,
and XGBoost) and the two climate scenarios (SSP 245 and SSP 585)
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Table 2. Area under the receiver operating characteristics curve (AUC) values for the training and test samples

for each machine learning algorithm

Model Classe AUC_Train AUC_Test
Low 0.96 0.94
MaxEnt Medium 0.87 0.59
High 0.95 0.86
Low 1 0.96
Random Forest Medium 1 0.85
High 1 0.94
Low 0.99 0.97
XGBoost Medium 0.99 0.86
High 1 0.93

Effects of human pressure and spatial
vulnerability

In various sites, including Oued El Bared,
Lac Tamda, and Oued Msoun, the rate of deterio-
ration is much higher than in other locations due
to both extreme weather and excessive pressure
from people. Several studies have demonstrated
that overgrazing, agricultural expansion, and soil
degradation are types of human-induced factors
that increase the impact of climate change on the
growth of vegetation (Le Houérou, 2001; Geist
and Lambin, 2004). Therefore, when these com-
bined types of pressure occur together with pro-
longed droughts or heat waves, they will hasten
the decrease in vegetation coverage and primary
production, mainly within the Mediterranean area
(Gouveia et al., 2017; Ermitao et al., 2021). On
the other hand, the Bab Louta and Ras El Ma
stations are better equipped to handle climate
change impacts, but the future of these locations
will also be impacted by extreme weather, and we
anticipate catastrophic events regardless of cur-
rent vegetation cover condition. These findings
are consistent with the IPCC’s (2021) research
that stated while the Mediterranean ecosystems
are fully adapted to hydrological stress, they will
experience escalating risk due to the rising num-
ber of extreme meteorological events. The histori-
cal adaptation of the Mediterranean ecosystems
provides them a level of resistance, but their resil-
ience will fail when the climate disturbance sur-
passes a certain level.

Based on data confirmed through the use of
either Random Forest or XGBoost, many more
recent studies have concluded these machine
learning techniques are superior to all other meth-
ods in their ability to model plant assemblages,

cover types, habitats under climate-related pres-
sures (Breiman, 2001; Elith et al., 2008; Chen and
Guestrin and 2016).

It has also been shown that XGBoost im-
proves generalization capacity and robustness
in the face of nonlinear interactions between
climatic, edaphic, and anthropogenic variables,
compared to MaxEnt, in many research contexts
(Zhang et al., 2023). Similar discrepancies have
also been noted between MaxEnt and tree-based
models in other Mediterranean contexts, with
MaxEnt also tending to overestimate certain
vegetation categories in future climate scenarios
(Merow et al., 2013). To determine which areas
are most susceptible to climate change impacts
and to allocate resources for the conservation/res-
toration of vegetative cover within the province
of Taza, projections for the SSP245 and SSP585
scenarios can be utilized. Therefore, protective
measures must be used in order to safeguard for-
est areas from human activities, thereby allow-
ing ecosystems time to restore and/or return to
their original vegetative structures. Over time, it
is likely that the ecosystems will achieve a state
of balance. The return to an earlier stage of eco-
logical restoration to achieve a more climax-like
state recovers ecosystem productivity and resil-
ience and will ensure the sustainable future of
these ecosystems as climate change progresses.
However, as numerous authors have noted, using
NDVI exclusively has very restricted functional-
ity, especially concerning differentiation among
plants and ecological status (Pettorelli et al.,
2005). Complementary indices will greatly en-
hance future research; thus it is necessary to have
field measurements (specific composition, bio-
mass, functional diversity, water monitoring, soil
quality, etc.) included within the study design.
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CONCLUSIONS

This study demonstrates that climate change
is likely to exert a differentiated influence on veg-
etation cover in the wetlands of the province of
Taza. Low-density vegetation areas are project-
ed to decrease slightly, while medium and high
NDVI classes remain relatively stable or show a
modest increase, indicating overall resilience of
certain wetland ecosystems.

The XGBoost and Random Forest models out-
performed MaxEnt in predictive accuracy, con-
firming the value of machine learning approaches
for modeling complex ecological responses to
climate variability. Spatial analysis identified
specific stations that are particularly vulnerable to
combined climatic and anthropogenic pressures,
as well as areas likely to maintain resilience under
future climate scenarios.

These findings provide actionable insights
for conservation and adaptive management, high-
lighting where interventions may be most needed
to sustain wetland vegetation. The study also es-
tablishes a methodological framework for inte-
grating remote sensing, NDVI indices, and ma-
chine learning to forecast ecosystem responses
under different climate scenarios, addressing a
key knowledge gap in regional vegetation dy-
namics modeling.
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