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Desertification is a serious environmental challenge that takes place in arid and 
semi-arid regions, posing serious threats to oasis ecosystem and the socio-
economic condition of the local population. This work uses remote sensing and 
machine learning to assess the severity of desertification in the Tissint oasis in 
southern Morocco. The analysis utilized nine spectral indices obtained from 
Sentinel-2 imagery, reflecting the condition of vegetation, exposure of soil, 
albedo, moisture stress and sand encroachment. Using the interpretation of 
high-resolution imagery and field observations, 170 training and validation 
samples defined as small polygons were used to define reference data. To 
assess the desertification severity maps, three machine learning algorithms 
were executed, namely random forest (RF), support vector machine (SVM), and 
decision tree (DT). According to SVM model, the predominant class with area of 
48.24 % is desertified land as compared to RF (37.16%) and DT (26.82%). 
Areas affected by sand encroachment are particularly visible in DT outputs, 
while stable vegetation is confined to the oasis core. According to model 
validation, the SVM outperformed other classifiers with accuracy = 91.76% and 
F1 = 93.22%. The robust and balanced performance of RF was similar to that of 
SVM, while DT had a lower capacity for generalization. The findings indicate 
that the strength of combined Sentinel-2 spectral indices and machine learning 
can effectively assess desertification severity. Furthermore, it can provide 
spatial insights for monitoring and mitigation processes. 
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1. Introduction 

Desertification represents one of the most urgent ecological and environmental issues across the globe. This 
phenomenon involves land degradation within arid, semi-arid, and dry sub-humid regions [1]. Desertification 
influences close to 41% of the terrestrial surface of Earth, hyper-arid zones included. Furthermore, the lives of more 
than 38% of the world population are impacted by the changes resulted from desertification [2]. Significant 
socioeconomic hurdles at local, regional, and global levels are created by desertification in addition to its ecological 
fallout [3]. Public health, food security, and socioeconomic resilience face direct threats from this phenomenon. 
Consequently, global and national stability along with sustainable growth are often undermined [4]. Developing 
nations in arid and semi-arid zones suffer the most intense consequences, since land degradation is worsened by the 
delicate ecosystems and lack of adaptive capacity in these areas [5]. 
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High levels of vulnerability to desertification characterize the Middle East and North Africa region [6]. Low and 
inconsistent annual precipitation, when paired with high temperatures, primarily drives this sensitivity. Intense 
droughts are often caused by these combined environmental factors [7]. Soil properties, including water retention 
capacity, are significantly impacted by desertification, which in turn influences the spatial distribution of crops and 
the agricultural viability of lands [8]. 

More than 90% of the national territory of Morocco is affected by desertification, rendering it a vital environmental 
and socioeconomic concern for the nation [9]. Arid and semi-arid regions with delicate soils and difficult climates 
experience these effects most severely. Long-term rainfall variability further intensifies this phenomenon, with 
precipitation showing a general downward trend and inconsistent distribution across time and space. As a result, land 
sensitivity to degradation increases, particularly in southern Morocco [10]. The necessity for efficient monitoring 
systems and sustainable land management strategies is highlighted by these facts. Therefore, targeted mitigation 
measures are required to restrict the environmental and socioeconomic damage within at-risk locations. 

To address the complexities of desertification, modeling offers an effective means of exploring and predicting land 
degradation processes. However, given the logistical challenges of gathering field data in arid environments, remote 
sensing has become an essential tool for monitoring these shifts [11]. The integration of multi-temporal satellite 
imagery facilitates a comprehensive evaluation of degradation dynamics by monitoring key indicators, including 
vegetation status, surface albedo, and thermal conditions [12]. 

Two main methodological approaches to quantify and monitor desertification are widely reported in the literature. 
The first relies on visual interpretation and thematic classification of desertification stages based on vegetation cover 
and surface characteristics [13]. The second approach is quantitative, using satellite-derived indices such as the 
Normalized Difference Vegetation Index (NDVI), Temperature Vegetation Dryness Index (TVDI), albedo, and other 
indicators of vegetation stress and soil exposure [14]. These indices enable the mapping of desertification severity, the 
analysis of its dynamics, and the identification of high-risk areas, while providing a reproducible framework for long-
term monitoring. 

The present study builds upon an integrated framework in which machine learning techniques are applied to assess 
desertification dynamics in fragile oasis ecosystems, such as those of southern Morocco, where land degradation is 
driven by the combined effects of climatic variability and anthropogenic pressures. Specifically, Random Forest (RF), 
Support Vector Machine (SVM), and Decision Tree (DT) models are implemented using a set of satellite-derived 
indices [15]. The performance of these algorithms is systematically evaluated and compared to identifying their 
relative effectiveness in capturing the spatial patterns and intensity of desertification in the Tissint region, thereby 
contributing to a robust, data-driven approach for regional environmental monitoring. 

2. Methodology 

2.1. Study area 

The Tissint oasis, situated in the Tata province of the Souss-Massa region in southeastern Morocco, was designated as 
the subject of investigation in this research. Geographic coordinates for this site span approximately from 7°16'34" W 
to 7°19'37" W and 29°52'37" N to 29°54'52" N (Fig. 1). Landscape features and ecological traits are molded by the 
transitional setting at the border of the Saharan domain and the eastern Anti-Atlas Mountains. An arid climate 
involving minimal and erratic rainfall alongside high temperatures governs the area. Drought conditions and notable 
year-to-year changes in water supply are frequently triggered by these weather patterns. A central role in restricting 
vegetation growth and agricultural output is played by these environmental pressures. Additionally, these constraints 
increase the vulnerability of the oasis to desertification [16]. 

When viewed from a geomorphological perspective, rocky and sandy formations encircle the alluvial plains and wadis 
that primarily constitute the region. These landforms maintain a close link to agricultural activities. Date palm groves 
and related crops depend on ephemeral surface flows and shallow groundwater resources for their survival. 
Traditional irrigated agriculture remains the primary land use within the Tissint oasis. Date palm cultivation serves as 
the central foundation for the local agro-ecosystem. Therefore, vegetation degradation, soil exposure, and localized 
salinization have emerged from increasing human pressure and constant climatic stress during recent decades. The 
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Tissint oasis offers a suitable and typical environment for analyzing desertification dynamics. Such studies benefit 
from remote sensing and machine learning approaches due to the precarious environmental equilibrium of the 
location. 

 

Figure 1. Geographical location of the study area and spatial distribution of training and validation polygon centroids. The 
figure demonstrates samples from the five desertification classes: Stable Vegetation (A), Moderately Degraded Land (B), 

Degradation in Progress (C), Desertified Land (D), and Sand-Encroached Areas (E) 

2.2. Data sources and preprocessing 

In this study, desertification assessment is based on the use of nine spectral indices widely recognized for their 
relevance in analyzing land degradation in arid environments. The selected indices: Topsoil Grain Size Index (TGSI), 
Salinity Index (SI), Normalized Difference Water Index (NDWI), Normalized Difference Vegetation Index (NDVI), 
Normalized Difference Tillage Index (NDTI), Modified Soil-Adjusted Vegetation Index (MSAVI), Enhanced Vegetation 
Index (EVI), Bare Soil Index (BSI), and surface albedo, were employed as input variables for the modeling framework.  

These metrics were extracted from Sentinel-2 multispectral imagery at a 10 m spatial resolution using the Google 
Earth Engine (GEE) cloud computing environment. Mean composite images covering the 2020–2025 timeframe 
provided the foundation for the analysis to maintain stable and uniform spectral results. Only satellite scenes with 
cloud cover below 10% were included in the final dataset. By utilizing GEE, the data was accessed and preprocessed 
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while calculating indices through a consistent and reproducible workflow. This systematic approach enabled the 
effective management of extensive multi-temporal observations. 

the GIS environment (QGIS) was used to for further spatial refinement of the exported raster layers of the generated 
indices. The workflow involved spatial harmonization and layer preparation to align the datasets properly. Specific 
data formatting was also applied during this stage. These adjustments ensured that the inputs remained entirely 
compatible with the selected machine learning algorithms. 

2.3. Reference data and training sample generation 

Reference data for training and validating the machine learning models were generated through a combined approach 
of visual interpretation, very high-resolution satellite imagery, and targeted field surveys within the Tissint oasis 
(southern Morocco). This multi-source strategy ensured both spatial representativeness and thematic accuracy of the 
samples. 

Google Earth Pro enabled the initial mapping of desertification severity classes by targeting surface markers such as 
vegetation density, soil exposure, sand accumulation, and patterns of land degradation. Overall, 170 homogeneous 
polygonal samples were manually selected to represent the study area. These samples fall into five distinct categories: 
Stable Vegetation, Moderately Degraded Land, Degradation in Progress, Desertified Land, and Sand-Encroached Areas. 
These classifications capture the primary ecological gradients and degradation pathways observed within arid oasis 
environments (Fig. 1 A-E). 

To enhance reliability, these samples were validated and refined through systematic field surveys, which provided 
direct observations of vegetation condition, soil degradation, and active desertification features. The resulting 
reference dataset was then randomly subdivided into training (70 %) and validation (30 %) subsets, ensuring robust 
model calibration and an unbiased assessment of predictive performance [17]. 

2.4. Spectral index computation for desertification assessment 

Sentinel-2 imagery provided the spectral indices necessary to evaluate desertification in the Tissint oasis by capturing 
the core biophysical drivers of land degradation. Plant health, density, and resilience in arid climates were 
characterized through various vegetation metrics. The Normalized Difference Vegetation Index (NDVI) measures 
photosynthetic activity, biomass, and greenness. Since NDVI values drop as plants deteriorate, this index serves as a 
primary measurement for tracking desertification [18]. To achieve a more precise view of vegetation vigor, the 
Enhanced Vegetation Index (EVI) offers better sensitivity in dense growth areas while filtering out interference from 
the soil and atmosphere [19]. The Modified Soil-Adjusted Vegetation Index (MSAVI) further refines these observations 
by reducing the influence of the soil background. This adjustment is vital for the sparse or mixed ground cover 
common in oasis settings [20]. Finally, the Normalized Difference Water Index (NDWI) was used to track moisture 
stress and water availability. These values directly indicate the internal water content of the local flora [21]. 

Soil and surface conditions were characterized using indices that quantify texture, salinity, disturbance, and overall 
degradation. The Topsoil Grain Size Index (TGSI) highlights soil texture and coarseness, identifying surfaces prone to 
wind erosion [22]. The Salinity Index (SI) detects surface salinity, an important factor affecting oasis agriculture and 
soil degradation under water stress [23]. The Normalized Difference Tillage Index (NDTI) identifies areas of exposed 
or disturbed soil, which are more susceptible to erosion [24]. The Bare Soil Index (BSI) provides an integrated 
measure of soil exposure, combining reflectance from red, NIR, blue, and SWIR bands to detect early signs of land 
degradation [25]. Finally, surface albedo offers complementary insights into overall surface reflectivity and the 
intensity of land degradation, with higher values indicating bare or degraded areas [26]. 

All index layers were exported and integrated into QGIS and subsequently prepared as input variables for the machine 
learning models. This workflow ensured spatial consistency and provided a robust, multidimensional characterization 
of desertification processes by jointly representing vegetation dynamics, moisture conditions, and soil surface 
properties. The mathematical formulations of the spectral indices used in this study are reported in Table 1, while 
their spatial distribution and thematic maps are presented in Figure 2.  
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Table 1. Equations of spectral indices applied in this study 

Index Equation Reference 

NDVI 
ρNIR − ρRED

ρNIR + ρRED
 [18] 

EVI 2.5 ×
ρNIR − ρRED

ρNIR + 6ρRED − 7.5ρBLUE + 1
 [19] 

MSAVI 2ρNIR + 1 −�(2ρNIR + 1)2 − 8(ρNIR − ρRED)
2

 [20] 

NDWI 
ρNIR − ρSWIR

ρNIR + ρSWIR
 [27] 

TGSI 
ρRED − ρBLUE

ρRED + ρBLUE + ρGREEN
 [22] 

SI �ρBlue × ρRed  [23] 
NDTI ρSWIR1 − ρSWIR2 [24] 

BSI 
(ρSWIR + ρRED) − (ρNIR + ρBLUE)
(ρSWIR + ρRED) + (ρNIR + ρBLUE) [25] 

ALB 0.365ρBLUE + 0.13ρRED + 0.373ρNIR + 0.085ρSWIR1 + 0.072ρSWIR2 − 0.00177 [26] 
NDVI: Normalized Difference Vegetation Index, EVI: Enhanced Vegetation Index, MSAVI: Modified Soil-Adjusted 
Vegetation Index, NDWI: Normalized Difference Water Index, TGSI: Topsoil Grain Size Index, SI: Salinity Index, 
NDTI: Normalized Difference Tillage Index, BSI: Bare Soil Index, ALB: Albedo 
Satellite Band Abbreviations: ρNIR: Reflectance of Near-Infrared light, ρRED: Reflectance of Red light, ρBLUE: 
Reflectance of Blue light, ρGREEN: Reflectance of Green light, ρSWIR: Reflectance of Shortwave Infrared light, ρSWIR1: 
Reflectance of Shortwave Infrared band 1, ρSWIR2: Reflectance of Shortwave Infrared band 2 

 

2.5. Machine learning modeling framework 

2.5.1. Selection of machine learning algorithms 

This study utilized three common machine learning algorithms: Random Forest (RF), Support Vector Machine (SVM), 
and Decision Tree (DT). These models were selected since their diverse and complementary strengths allow for the 
effective processing of high-dimensional environmental datasets. Each method has also demonstrated reliable 
performance in susceptibility modeling using remote sensing data. By combining these methods, the analysis benefits 
from different approaches to identifying patterns within complex geographic information. 

The Random Forest (RF) algorithm functions as an ensemble learning technique by building numerous decision trees 
from randomized portions of the training data and input variables. This strategy improves the accuracy of predictions 
while preventing overfitting, which is especially useful when handling diverse environmental datasets. Previous 
studies have successfully utilized RF within desertification and land degradation research. In these cases, the model 
demonstrated stable performance when processing various remote sensing indicators, such as albedo and vegetation 
indices, and often provided better classification results than alternative models used for similar tasks [27-29].  

As a non-parametric learning algorithm, the Support Vector Machine (SVM) identifies an optimal separating 
hyperplane within high-dimensional feature spaces. This mathematical boundary effectively handles complex 
environmental modeling tasks where class divisions are not linearly separable. Researchers have successfully 
implemented SVM to map the susceptibility of natural hazards, including erosion and landslides [30]. Because the 
model generalizes well across diverse datasets, it remains a reliable choice for geographic risk assessment. 

The DT algorithm offers a hierarchical rule-based modeling framework that is simple to interpret and implement [31]. 
Although individual DT models may be more susceptible to overfitting than ensemble methods, they provide valuable 
insight into decision rules and variable interactions. DTs have been used effectively in land use/land cover 
classification and environmental risk assessments, providing interpretable decision structures that support model 
explanation [32].  
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The primary objective of including these three algorithms in the modeling framework is to compare their performance 
in mapping desertification susceptibility within the Tissint oasis using satellite-derived spectral indices, and to 
determine which approach best captures spatial patterns of land degradation under arid conditions. 

 

Figure 2. Maps of spectral indices used in this study: Albedo (A), BSI (B), MSAVI (C), EVI (D), NDVI (E), NDTI (F), TGSI (G), 
SI (H), and NDWI (I) 

2.5.2. Model training and parameterization 

The machine learning models were trained following a structured and reproducible procedure to ensure robust 
performance and objective comparison. The reference dataset, derived from field surveys and visual interpretation, 
was randomly divided into 70% training samples and 30% validation samples, a commonly adopted split in 
environmental susceptibility modeling that balances learning efficiency and independent model evaluation [33][34]. 

Prior to model training, all spectral indices were normalized using min–max scaling to a common range to reduce 
scale-related bias and improve model stability, particularly for distance-based classifiers such as SVM. Normalization 
is widely recommended when integrating multiple spectral indices derived from remote sensing data [35]. 

The RF model was implemented using an ensemble of 500 decision trees (ntree = 500) to ensure stable predictions 
and reduce variance. The number of variables randomly selected at each split was set to the square root of the total 
number of input features (mtry = √p), which corresponds to mtry = 3 given the nine spectral indices used in this 
study. This configuration is commonly reported in remote sensing and land degradation studies as a robust 
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compromise between accuracy and computational efficiency [36]. Default bootstrapping was applied to generate 
diverse tree structures and limit overfitting. 

The SVM classifier was trained using a radial basis function (RBF) kernel, which is well suited for capturing non-linear 
relationships between spectral indices and desertification patterns. The penalty parameter was set to C = 10, while the 
kernel width parameter was defined as γ = 0.1, values frequently adopted in environmental and hazard susceptibility 
modeling to balance model flexibility and generalization capability [37]. 

For DT model, a maximum tree depth of 10 levels was imposed to limit model complexity and reduce overfitting, while 
maintaining interpretability of the classification rules. The minimum number of samples required for node splitting 
was fixed at 10, which is a commonly applied constraint in environmental classification tasks to avoid overly 
fragmented trees [38]. 

Model implementation followed a hybrid computational framework. Google Earth Engine (GEE) was used for satellite 
image preprocessing, spectral index computation, and sample extraction, ensuring efficient handling of 
multi‑temporal Sentinel‑2 datasets. The machine learning models were subsequently trained and validated using 
Python‑based libraries, enabling consistent parameterization and standardized performance comparison across 
algorithms. This combined cloud–local approach has been increasingly adopted in recent remote sensing and 
environmental modeling studies [39]. 

2.5.3. Model validation and performance evaluation 

Model validation is a critical step to ensure the scientific reliability and robustness of the desertification susceptibility 
maps generated using machine learning techniques. In this study, the predictive performance of the RF, SVM, and DT 
models was assessed using an independent validation dataset. A set of complementary evaluation metrics was 
employed to provide a comprehensive and unbiased comparison of model performance, accounting for both 
classification accuracy and class-specific discrimination capability. 

Overall Accuracy (OA) was used to quantify the proportion of correctly classified samples across all classes, offering a 
general measure of model correctness [40]. However, since OA can be sensitive to class imbalance, the Kappa 
coefficient was additionally computed to evaluate the agreement between predicted and reference classes beyond 
chance effects [41]. To further assess class-specific performance, Precision and Recall metrics were calculated. 
Precision reflects the reliability of predicted degraded areas by penalizing false positives, while Recall evaluates the 
model’s ability to correctly identify truly degraded zones, thus minimizing omission errors. The combined use of these 
metrics enables a robust and objective comparison between RF, SVM, and DT models, allowing the identification of the 
most reliable algorithm for desertification mapping in the Tissint oasis. The mathematical formulations used for the 
calculation of the different evaluation metrics are summarized as follows: 

Overall Accuracy =
TP + TN

TP + TN + FP + FN 

Precision =
TP

TP + FP
 

Recall =
TP

TP + FN
 

Kappa Coefficient (κ) =
Po − Pe
1 − Pe

 

F1 − score = 2 ×
Precision × Recall
Precision + Recall

 

Where: TP, TN, FP, FN stand for true positive, true negative, false positive, and false negative predictions, respectively. 
Po and Pe represent the observed and expected agreements, respectively, and were used to distinguish between the 
model's capability of matching ground truth data (Po) and its tendency to give predictions based merely on random 
chance (Pe).  
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3. Results and Discussion 

3.1. Variable importance analysis of spectral indices 

Random Forest variable importance analysis 
demonstrated clear differences in the contribution 
of each spectral variable to desertification 
mapping in the Tissint oasis (Fig. 3). The analysis 
identifies vegetation-related metrics, particularly 
NDVI (0.173) and MSAVI (0.127), as the most 
influential predictors. These results confirm that 
plant density and condition function as the 
primary indicators of desertification within oasis 
environments. Researchers in arid and semi-arid 
regions frequently report a similar dominance of 
vegetation indices [42]. In these locations, land 
degradation processes show a close association 
with diminishing plant cover. High importance 
value was also demonstrated by surface albedo 
(0.156) due to its sensitivity to ground exposure 
and vegetation loss. This combined significance of 
albedo and vegetation indices matches earlier 
findings where increased surface reflectance acts 
as a reliable proxy for advanced degradation in 
dryland ecosystems [42][43]. 

Soil-related indices, such as BSI (0.089) and TGSI 
(0.042), contribute moderately to the classification, reflecting the role of soil exposure and texture in erosion and 
surface instability. Comparable secondary contributions of soil indices have been reported in desertification 
assessments conducted in other arid regions, where vegetation signals generally dominate spectral responses [43]. In 
contrast, moisture- and salinity-related indices (NDWI and SI), as well as EVI, exhibit lower importance, suggesting 
more localized or redundant effects under the specific hydro-environmental conditions of the Tissint oasis. 

It can be deduced that vegetation degradation and surface exposure act as the primary drivers behind desertification 
patterns according to the variable importance ranking. Meanwhile, soil and moisture-related factors fulfill a secondary 
but supportive function. Existing conceptual models of desertification in fragile oasis systems align with this 
hierarchy. In these environments, land degradation manifests most immediately and clearly through vegetation 
decline [44]. 

3.2. Spatial patterns of desertification severity 

Consistent spatial patterns and significant differences between the results are highlighted by the desertification 
severity maps produced by the RF, SVM, and DT models for the Tissint oasis (Fig. 4). A central oasis core containing 
relatively stable vegetation is clearly identified by all three models. Zones showing higher levels of land degradation 
and desertification encircle this interior area. Arid oasis systems typically display this type of spatial arrangement. In 
these fragile settings, groundwater and irrigation access sustain the cultivated patches embedded within the desert 
landscape [42]. 

The “Stable Vegetation” class is consistently concentrated in the central and downstream parts of the oasis, 
corresponding to palm groves and irrigated agricultural plots. These areas appear spatially coherent and continuous 
across all models, indicating a strong agreement in identifying zones where vegetation cover and soil moisture 
conditions remain relatively preserved. Similar spatial stability of vegetated cores has been reported in oasis 
environments of southern Morocco and other arid regions, where permanent crops mitigate degradation processes 
locally [44]. 

Figure 3. Contribution of conditioning factors according to 
random forest (RF) algorithm 
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“Moderately Degraded Land” forms transitional belts around the cultivated core, particularly evident in the RF and 
SVM outputs. These zones likely reflect reduced vegetation density, declining irrigation efficiency, or increasing 
pressure from surrounding barren surfaces. The spatial continuity supports the interpretation of this class as an 
intermediate degradation stage rather than isolated or sporadic degradation patches, a pattern also observed in semi-
arid regions undergoing gradual land degradation [43]. 

Areas classified as “Degradation in Progress” are more fragmented and mainly located at the interface between 
agricultural land and severely degraded surfaces. The DT model allocates a larger extent to this class, suggesting a 
higher sensitivity to subtle spectral variations but also a potential tendency toward over-fragmentation. In contrast, 
RF and SVM tend to assign these transitional zones directly to more advanced degradation classes, reflecting their 
higher generalization tendency. 

“Desertified Land” dominates the peripheral parts of the study area in all three models, with the most extensive and 
continuous distribution observed in the SVM output. These zones correspond to bare or sparsely vegetated surfaces 
and reflect advanced stages of land degradation. The higher proportion mapped by SVM suggests a more conservative 
classification strategy, grouping transitional surfaces into severe desertification classes, which is consistent with its 
higher recall and discriminative power. 

Finally, “Sand-Encroached Areas” are distinctly identified, especially by the Decision Tree and Random Forest models, 
mainly along the margins of the oasis and in downwind sectors. Their spatial separation from other desertified 
surfaces supports the decision to treat sand encroachment as a distinct desertification-related process rather than a 
generic barren land class. The SVM model shows a comparatively lower proportion of this class, indicating differences 
in spectral separability between sand-covered surfaces and other degraded lands [44]. The smaller fraction of sand-
encroached mapped by SVM suggests that spectral separability varies between sandy surfaces and other types of 
degraded land. Such an outcome possibly arises from the model’s focus on vegetation-related features. Evaluating 
intricate degradation processes like sand encroachment underscores the value of a multi-model comparison. These 
processes often display spectral characteristics that overlap with other desertified surfaces, rendering a single-model 
approach less definitive. 

3.3. Quantitative comparison of desertification severity classes 

The RF, SVM, and DT models show distinct variations in the surface proportions of desertification severity classes (Fig. 
5). However, all models identified Desertified Land and Sand-Encroached Areas as the main dominant categories. SVM 
predicted the largest share of Desertified Land at 48.24%, while RF followed at 37.16%. In contrast, DT mapped a 
significantly lower 26.82%. Higher recall and F1-score values support the tendency of SVM to classify more area 
within the most severe degradation stage. These results highlight a superior capability for identifying desertified 
surfaces. 

The largest portion of Sand-Encroached Areas (32.09%) was reported by the DT model, which exceeded the results 
from both RF (24.35%) and SVM (15.30%). This outcome suggests that DT possesses a higher sensitivity to 
characteristics linked to aeolian sand invasion. More uniform proportions were generated by the models for the less 
severe categories. Specifically, the extent of Stable Vegetation fluctuated between 13.11% for SVM and 15.46% for DT. 
For Moderately Degraded Land, values ranged from 11.41% in DT up to 14.96% in RF. Greater variability was 
observed in the Degradation in Progress class, which stems from discrepancies in how each method treats transitional 
surfaces. That model structure strongly affects class allocation as emphasized by these quantitative differences. This 
impact remains particularly high within transitional or sand-affected regions, even though broad spatial trends stayed 
consistent. 
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Figure 4. Desertification sensitivity 
maps obtained using Random Forest 
(RF), Support Vector Machine (SVM), 
and Decision Tree (DT) algorithms 
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Figure 5. Proportion of desertification sensitivity classes across the three models 

3.4. Model performance assessment 

Clear differences in the classification capability 
of the three machine learning models are 
revealed by the performance metrics (Table 2). 
The most robust overall performance was 
demonstrated by the SVM model. This specific 
approach reached the highest recall (92.00%), 
accuracy (91.76%), precision (93.88%), and F1-score (93.22%). These balanced outcomes suggest a high capacity to 
accurately detect desertification classes while reducing both omission and commission errors. 

Stable and well-balanced results characterize the RF model, where performance metrics consistently reach nearly 
90%. Its relatively high F1-score (88.64%) further supports its dependability for mapping desertification. In contrast, 
lower recall (81.08%), accuracy (84.71%), and F1-score (79.10%) are observed in the DT model. These values 
indicate a diminished generalization capacity and greater vulnerability to data fluctuations. Earlier research [40] 
corroborates these findings by emphasizing the way by which ensemble and kernel-based methods outperform 
single-tree classifiers. Such trends are common during intricate environmental classification tasks.  

Overall, the results identify SVM as the most effective model for desertification mapping in the Tissint oasis, while RF 
remains a strong and consistent alternative, reinforcing the value of ensemble learning approaches in arid land 
degradation studies. 

4. Conclusions 

Arid and semi-arid regions face a significant environmental and socio-economic challenge in desertification. This issue 
is particularly intense within oasis systems. In these specific locations, severe climatic constraints shape the 
interaction between human activities and finite natural resources. Soil quality, vegetation sustainability, and local 
livelihoods in the Tissint oasis of southeastern Morocco currently face direct threats from land degradation. Such 
pressures eventually undermine both environmental stability and socio-economic resilience. Effective mitigation and 
sustainable land management strategies therefore require a thorough understanding of the spatial patterns and 
severity of desertification. 

Table 2. Statistical validation metrics of the three applied models 
Model Recall Specifity Accuracy Precision F1-score 

RF 89.02 % 90.91 % 90.00 % 90.12 % 88.64 % 
SVM 92.00 % 91.43 % 91.76 % 93.88 % 93.22 % 
DT 81.08 % 87.50 % 84.71 % 83.33 % 79.10 % 
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A methodological framework combining high-resolution remote sensing and machine learning was established to 
evaluate desertification intensity in the Tissint oasis. Various spectral indices characterizing vegetation condition, soil 
exposure, moisture stress, salinity, and surface reflectance derived from Sentinel-2 imagery were utilized for the 
development of RF, SVM, and DT models. Google Earth Engine provided the platform for processing these 10 m spatial 
resolution data.  

Coherent spatial patterns are revealed by the results across all models. These patterns feature a relatively stable 
vegetated core linked to irrigated agriculture. Surrounding this center are zones of progressive degradation and vast 
desertified regions at the oasis edges.  The dominant role of vegetation indices (NDVI and MSAVI) and surface albedo 
is highlighted by the variable importance analysis. This outcome confirms that vegetation loss and soil exposure 
function as the main spectral markers of desertification in oasis settings.  The highest predictive performance was 
achieved by SVM among the tested algorithms. Meanwhile, RF showed significant robustness and consistency. 

Spatially explicit and decision-relevant information is supplied by the resulting desertification severity maps. These 
products allow for the identification of priority intervention areas. Land restoration planning is supported by this 
data, which also helps optimize water and agricultural management. 

Several constraints persist despite these findings, such as a heavy reliance on indices derived from satellites and a 
restricted density of field observations. Furthermore, imagery at a 10 m resolution cannot entirely capture fine-scale 
ecological processes. Thus, more granular ground data, information on land management, and climatic variables can 
assist in more reliable desertification mapping attempts in the future. These studies should also utilize longer time 
series and more sophisticated machine learning architectures. Ultimately, this work proves that combining multi-
index remote sensing with machine learning creates a dependable and functional framework for evaluating 
desertification in oasis settings. 
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