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Abstract: This study examines sand encroachment in El Hajeb, Algeria, from 2000 to 2023—a region 
highly vulnerable to desertification. A multi-source remote sensing framework was used, combining optical 
and radar satellite data (Landsat, MODIS, Sentinel-1 SAR) with spectral indices (NDVI, MSAVI, BSI, 
NDESI) to monitor dune dynamics, vegetation health, and sand distribution. Pre-processing steps included 
atmospheric correction, cloud masking, and normalization. Advanced geospatial analysis and supervised 
classification were conducted using machine-learning algorithms—Random Forest (RF) and Support 
Vector Machine (SVM)—, which improved classification accuracy and land, cover discrimination. Results 
show an 11.90% reduction in stabilized dunes and a 6.05% increase in sparse sand areas. These shifts are 
linked to vegetation exploitation, soil moisture status, and intensified aeolian activity driven by prolonged 
droughts and prevailing winds. Sentinel-1 SAR data contributed to understanding surface roughness and 
moisture variability, reinforcing the analysis. Spatial maps revealed high-risk zones along the periphery of 
vegetated areas. To combat land degradation, the study recommends windbreaks, sand fences, and 
afforestation efforts. Overall, the research highlights the value of integrating remote sensing and machine 
learning for environmental monitoring and supports the development of adaptive land management 
strategies to enhance resilience in arid landscapes. 
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1. INTRODUCTION 
 

The interaction between wind, water, and land 
plays a central role in shaping contemporary 
geomorphology, particularly in arid and semi-arid 
regions (Nash & McLaren, 2003). In these areas, 
increasing anthropogenic pressures—such as 
overgrazing, deforestation, and poor land 
management—have accelerated the desertification 
process (Manière & Chamignon, 1986). Continuous 
monitoring is therefore crucial, especially in regions 
vulnerable to sand encroachment driven by climate 
change and unsustainable human activities (Mihi et al., 
2019). 

In Algeria, early foundational studies by 
Kasbadji Merzouk (1999) and McKee (1979) 
provided important wind and dune movement 
mapping, laying the groundwork for contemporary 
desertification research. Today, approximately 20 
million hectares are at risk of wind erosion, with 5 
million hectares already severely degraded (Bensaïd, 
2006). The Saharan Atlas Mountains, forming a 
natural barrier at the Sahara’s edge, are key zones for 
understanding wind patterns and sand accumulation 
(Benazzouz, 1994). 

Historical records further show that northwest 
Biskra, particularly around El Hajeb, has experienced 
periodic sand and gypsum dust flows dating back to 
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the Upper Pleistocene and Holocene periods (Ballais 
et al., 1979). 

The Hodna Basin and surrounding areas 
contribute significantly to sand transport southward 
and into dune formation systems such as the Grand 
Erg Oriental. 

Several regional studies have focused on high-
risk zones such as Tebessa Province (Logistic 
Regression), the Hodna Basin and Boussaada Sub-
Basin (MEDALUS model), and the High Plateaus 
(phytoecological analysis), confirming that 
vegetation loss, soil texture, and poor land 
management are key desertification drivers (e.g., 
Nemamcha, Hodna, and In-Salah studies). 

Remote sensing has become indispensable for 
large-scale environmental monitoring, providing 
valuable data for tracking drought patterns and sand 
movement (Wu & Wilhite, 2004). Drought impacts 
ecosystems, agriculture, and water security, and 
indicators like NDVI, LST, and soil moisture—
derived from satellite imagery—allow for precise 
detection of stress conditions (Jain & Singh, 2003).  

Long-term satellite observations, as 
demonstrated in studies like Graw et al. (2019) and 
Cullen (2023), aid in early warning and resilience 
planning. Projects such as EvIDENz further 
emphasize integrating socio-economic data to assess 
vulnerability comprehensively. 
 

 
Figure 1. Methodology adopted 
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In Algeria, remote sensing and GIS have been 
widely used for LULC change detection, sand 
encroachment tracking, and forest degradation (e.g., 
Boulghobra et al., 2014). Recent research in areas like 
Djelfa, Soummam Valley, and Blida has employed 
Landsat, Sentinel, and machine learning techniques 
(SVM, Markov Chains) to model land degradation 
trends and forecast risk zones. 

This study focuses on El Hajeb (Biskra), a critical 
transitional zone for aeolian sand movement towards 
northern Algeria. Over the past two decades, this region 
has faced intensified sand encroachment, exacerbated 
by vegetation decline, drought, and high wind velocity. 
By leveraging multi-temporal satellite datasets 
(Landsat, MODIS, and Sentinel-2), climate records, and 
field data, we apply advanced machine learning 
models—Random Forest (RF) and Support Vector 
Machines (SVM)—to classify and analyze spatial and 
temporal patterns of sand encroachment, vegetation 
loss, and bare soil expansion (Figure 1). 

Advanced spectral indices such as NDVI, 
MSAVI, BSI, and NDESI are employed alongside SAR 
data to enhance surface characterization (Figure 1). 
Wind erosion modeling and temporal analyses allow the 
identification of active dune fronts and high-risk 
corridors. A specific focus is placed on National Road 
No. 46, a vital transport axis connecting Biskra to 
Algiers, which has been recurrently threatened by 
advancing dunes. 

To mitigate degradation, this research simulates 

the impact of interventions such as windbreaks, sand 
fences, and afforestation, integrating remote sensing 
outputs with spatial models. The combination of climate 
data, satellite imagery, and machine learning provides a 
robust and scalable framework for environmental 
monitoring and resilience planning in Algeria’s arid 
zones. 

 
2. MATERIALS AND METHODS 

 
2.1. Study Area 

 
The municipality of El Hajeb is situated to the 

west of Biskra Town. It is bordered to the north by 
Loutaya, to the south by Oumache, to the west by 
Bouchekroun, and to the east by Biskra. This 
positioning makes it a key link between the eastern and 
western parts of the Wilaya. National Road No. 46, a 
crucial transport artery connecting the Wilaya to the 
capital, Algiers, traverses the area. El Hajeb includes the 
secondary communities of Zaachata Ben Boulaid, Bordj 
El Nos, and Ain El Karma, and covers an area of 208.10 
km². (Figure 2). 

The region lies between two opposing views 
between two significant mountain ranges: the Saharan 
Atlas and the Sahara Desert. Among the topographical 
features, the region is characterized by centimeter-thick 
sandy formations that cover extensive areas (Crépy M. 
2016). (Figures 3 and 4). 

 
 

 
Figure 2. Area Study 
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Figure 3. Topographical and geological regional features. 

 

 
Figure 4. Geological regional features (Selahdja, 2024).
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The age of these remnants is uncertain, as it could 
be either late Pleistocene or early Holocene. The 
Aeolian sands, particularly in the Ziban region, are 
estimated to date from approximately 7,500 to 7,000 
years BP, corresponding to the arid interval at the end of 
the Lower Holocene (Ballais, 1993), (Figure 2). 

On the southern slope of Mount Dj Bou Rhezel, 
at the site known as Ed Beni Brahim, the dunes cover 
an ablation glacis with a layer of very angular blocks 
that are a few decimeters thick. This layer rests on an 
underlying, well-sorted, fine-grained dune sand, which 
is devoid of coarse elements. This glacis carved into a 
particularly soft rock composed of an ancient dune 
(Ballais et al., 1979).  

 
2.2 Climate Variability Data 
 
2.2.1. Drought dimension:  
The meteorological data utilized in this study 

sourced from the website 
(https://power.larc.nasa.gov/data-access-viewer/).  

These data primarily consist of monthly rainfall 
series recorded at Al Hadjeb for the period 1981-2022. 
The data were analyzed on an annual basis to calculate 
the Standardized Precipitation Index (SPI). 

The Standardized Precipitation Index (SPI) 
(Boukehlifi et al. 2025; McKee et al. 1993) is a widely 
recognized tool for evaluating and monitoring 
drought conditions. It is based on a probability 
distribution function of precipitation, which allows 
for the identification of drought events and their 
severity by measuring deviations from the long-term 
average precipitation. The SPI defined as a 
normalized variable. 
𝑺𝑺𝑺𝑺𝑺𝑺 = (𝑿𝑿𝒊𝒊 − 𝑿𝑿𝒎𝒎) 𝝈𝝈⁄  

Xi: Rainfall in year I. 
Xm: Average inter-annual rainfall over the reference 
period. 
σ: Standard deviation of inter-annual rainfall over the 
reference period. 

The extent of a drought episode assessed by 
summing the indicator values for all the months 
during the drought period. Index values above 2.00 
indicate extremely wet conditions, while values 
below -2.00 indicate severe drought.  

Values ranging from 0.99 to -0.99 reflect 

conditions that are more or less normal, as outlined in 
Table 1 (McKee T.B. 1993). The duration covered by 
the SPI varies depending on the type of drought being 
studied and applied: for instance, the SPI will cover 1 
to 2 months for a meteorological drought, 1 to 6 
months for an agricultural drought, and 6 to 24 months 
or more for a hydrological drought. (WMO 2012). 

 
2.2.2. Wind data 
Wind data for the Al-Hadjeb region were 

collected over 41 years from the website the data, 
spanning from 1981 to 2022, include wind speeds 
recorded in 16 different directions. Using these data, 
a wind rose diagram was generated to visualize the 
wind patterns throughout 1981-2022. 
(https://power.larc.nasa.gov/data-access-viewer/). 

 
2.2.3. Remote sensing indexes and data 

analysis 
The Sahara Desert, with its extreme aridity and 

shifting dunes, faces significant challenges due to 
desertification. Remote sensing is crucial for 
monitoring these changes. By integrating spectral 
indices—such as BSI, MSAVI, NDVI, and NDESI—
with Sentinel-1 SAR data, researchers can analyze 
sand movement, vegetation trends, and soil dynamics. 

 
3. METHODS ADOPTED 
 
This study employed a robust and integrated 

analytical framework designed for long-term 
monitoring and modeling of sand dune dynamics and 
land cover changes between 2004 and 2023 (Figure 
1). The hybrid methodology combined multi-source 
remote sensing datasets, multi-decadal climate 
records, advanced machine learning algorithms, and 
geographic information system techniques to ensure 
temporal continuity and spatial resolution. 

 
3.1 Acquiring and pre-processing data 
 
Landsat 5 TM, 7 ETM+, and 8 OLI (30 m 

spatial resolution) were utilized to take multi-source 
satellite images with varying geographical, spectral, 
and temporal resolutions. They offered historical 
continuity from 2004 to 2023. 

 
Table 1. Classification of drought according to SPI values (McKee T.B. , 1993) 

SPI >2 1.50–
1.99 

1.00–1.49 0.50–
0.99 

−0.49–0.49 −0.50–
−0.99 

−1.00–
−1.49 

−1.50–
−1.99 

<−2.00 

Class Extremely 
wet 

Very 
wet 

Moderately 
wet 

Mildly 
wet 

Normal 
conditions 

Mild 
drought 

Moderate 
drought 

Severe 
drought 

Extreme 
drought 
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Table 2. Remote sensing indexes and data analysis 
 

Index purposes Data sources 
and period 

Processes and 
analysis 

Equation 

NDESI 
(Normalized 
Difference 
Enhanced Sand 
Index) 

Assess sand 
cover 
dynamics; 
high = 
active, low = 
stable 

MODIS (2004–
2023), Sentinel-
1 SAR VV 
(2015–2023) 

Preprocessing, 
speckle reduction, 
annual mean, 
threshold mapping 

Swir2)dSwir2)/(Re-(Red =NDESI +  
The total sand volume V (m³) D (m): 
V=A* D        A=∑ xin

i=1  
V over time t expresses as: 

)(Vt ∫= ti
(https://scihub.copernicus.eu/); 
(Torres, R., et al., 2012); (Huang, J., et 
al. 2015) ; (Gagnon, A., et al. 2004). 

NDVI 
(Normalized 
Difference 
Vegetation 
Index) 

Vegetation health & density 
 

 

Landsat / 
MODIS (2000–
2022) 

Radiometric 
correction, cloud 
masking, temporal 
aggregation 

NDVI = NIR+RED
NIR+RED

  (Bensefia, et al., 
2024) 

MSAVI 
(Modified Soil 
Adjusted 
vgetation 
Index) 

Improve vegetation monitoring, minimize soil effect 
 

 

Landsat / 
MODIS (2000–
2022) 

Radiometric 
correction, cloud 
masking, 
annual/seasonal 
aggregation 

MSAVI=
2*NIR+1�2.(NIR+1)2-8*(NIR

2
 

(Qi et al., 1994 ; Broxton et al., 2014) 

BSI (Bare Soil 
Index) 

Quantify soil exposure; detect erosion/desertification 
 

 

Landsat / 
Sentinel (2000–
2022) 

Cloud masking, 
atmospheric 
correction, seasonal 
composites 

SBI=
SWIR1+ RED-NIR-BLUE
SWIR1+ RED+NIR+BLUE

 
(Somanathan, et al., 2024; ESRI 
2021) 

 
Sentinel-1 SAR (C-band) provided all-

weather radar backscatter data starting in 2015. This 
data is especially useful for studying how soil 
moisture and surface roughness change over time. 

MODIS NDVI products (250 m) were added 
to give high-frequency time series of vegetation 
patterns. 

Long-term climate records (1981–2022) 
comprising wind speed/direction, precipitation, and 
temperature were used to correlate dune activity with 
climatic drivers. 

All satellite images were subjected to 
radiometric and geometric corrections. Dark object 
subtraction (DOS) was used to reduce atmospheric 
effects while maintaining single-pixel co-registration 
accuracy. To validate the data and capture small-scale 
geomorphological variations not apparent in satellite 
data, field surveys conducted between 2019 and 2023 
provided 450 ground-truth points. 

 
3.2 Feature Extraction and Quantification 
 

To characterize the land surface and its 
dynamics, both spectral and physical attributes were 
extracted: 

Spectral Indices: 
The bare soil index (BSI) is used to identify 

exposed soils, (Table 2). 

Vegetation cover and stress using the 
Normalised Difference Vegetation Index (NDVI) and 
the Modified Soil Adjusted Vegetation Index 
(MSAVI), (Table 2). 

Sand mobility was quantified using the 
Normalised Difference Sand Erosion Index (NDSEI), 
which was newly developed for this study. 

SAR Backscatter: The Sentinel-1 VV and VH 
polarisation backscatter coefficients captured 
variations in surface roughness and moisture, allowing 
for the distinction between mobile and stabilised 
dunes regardless of cloud cover or illumination 
conditions, (Table 2). 

These metrics were used to quantify annual 
changes in dune surface area (2004–2023) and 
volumetric changes (2015–2023).  

 
3.3 Machine Learning Classification 
 
3.3.1 Training Data and Classes 
The training datasets consisted of 450 GPS-located 

field points, visual interpretation of high-resolution 
imagery (Google Earth Pro, 0.5-2 m resolution), and 
existing geomorphological maps. Four thematic land 
cover classes were identified: active sand dunes 
(moving sands), scattered sands, vegetated areas, and 
stable sand dunes. 
(https://code.earthengine.google.com/c2f8a0c70851e
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9761ff4cad3f61a4f26), (Figure 5). 
The input feature set consisted of 

multispectral bands (VIS, NIR, and SWIR), 
synthetic aperture radar (SAR) scattering, and four 
derived indices. 

 
3.3.2 Training and parameterisation of 

models (Using GEE and Arc GIS Pro Tools) 
Training samples were randomly split into 

70% for model training and 30% for independent 
validation. 

Random Forest (RF): Implemented as 
ee.Classifier.smileRandomForest (500), producing 
high robustness to noisy features and allowing 
extraction of variable importance, which highlighted 
NDSEI and SAR backscatter as the most 
discriminant features. 

Support Vector Machine (SVM): Utilized an 
RBF kernel with cost=10 and gamma=0.5 
(ee.Classifier.libsvm), optimized through five-fold 
cross-validation to handle non-linear class 
separability. 

 
3.3.3 Multi-Year Mapping 
Annual composites of spectral indices were 

generated (e.g., 
modis.filterDate(start,end).select('NDVI').mean()), 
producing a time series of 20 classified maps. This 
enabled trend analysis and inter-annual variability 
assessment of dune dynamics. 

 

3.3.4. Model Evaluation 
Classification accuracy was assessed using 

Overall Accuracy (OA), User’s Accuracy (UA), 
Producer’s Accuracy (PA), and the Kappa coefficient. 
Both RF and SVM achieved OA > 90% for recent years 
(2018–2023), with RF slightly outperforming SVM 
(Kappa=0.89 vs. 0.85). These high accuracies 
demonstrate the reliability of the classification outputs. 

 
3.4 GIS-Based Spatial Analysis 
 
Classified maps exported from GEE were 

integrated into ArcGIS Pro for advanced spatial and 
decision-support analysis: 

Change Detection: Quantified spatial 
transitions between 2004 and 2023, revealing a net 
expansion of active dunes by 42 km² and a contraction 
of stabilized dunes by 30 km². 

Hotspot Mapping: Overlays with agricultural 
and settlement layers identified high-risk zones of 
dune encroachment affecting ~15% of cultivated land 
in the study area. 

Decision Support Integration: Results were 
combined with road networks, LULC maps, and 
administrative boundaries to prioritize mitigation 
strategies such as windbreak installation and dune 
stabilization programs. 

This multi-tiered methodology enables not only 
high-fidelity mapping of dune dynamics but also 
provides. 

 

 
Figure 5. The training datasets of 450 locations (From Google Earth Engine) 
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4. RESULTS AND DISCUSSION 
 

4.1. Sand Dune Contraction 
 

Analysis of multi-temporal Landsat, Sentinel-
1 SAR, and MODIS datasets (2004–2023), 
processed in Google Earth Engine (GEE) and 
analyzed in GIS, reveals substantial dune 
contraction. Classified dune area declined from 
54.07% in 2004 to 42.16% in 2023, representing an 
11.90% reduction in spatial extent. (Figure 6) 

Machine learning classification (Random 
Forest) applied to spectral indices—NDVI, MSAVI, 
BSI, and NDSEI—combined with Sentinel-1 SAR 
backscatter confirmed this trend with an overall 
classification accuracy of 92.4% and a Kappa 
coefficient of 0.89. (Figure 7-8). 

The heatmap generated in GEE (Figure 7) 
illustrates sand movement intensity, with green 
zones indicating stabilization, and red zones showing 

desertification and active dune contraction. Low 
SVAMI values (mean: 0.0643) suggest moisture 
stress, while low BSI (mean: 0.1086) indicates 
reduced bare soil brightness—both factors 
contributing to erosion vulnerability. 

Bulk density measurements imply the region 
is at a geomorphic threshold for erosion, where soils 
are loose enough for aeolian transport yet compact 
enough to limit infiltration. (Figure 9-11) 

Vegetation health declined over the study 
period, with mean NDVI dropping from -0.1823 to -
0.2001. (Figure 10) 

This aligns with desertification theory, where 
reduced vegetation cover destabilizes dune systems 
(Tucker, 1979; Schlesinger et al., 1990). 

Interestingly, pixel reflectance values 
increased from -48.87 to -41.82, possibly indicating 
the presence of more resilient vegetation species or 
subtle changes in soil reflectance (Table 3).  

 
 

 
Figure 6. Land Use Land Cover shifts from 2004 to 2023.  
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Figure 7. Heat map illustrate changes Types areas from 2004 to 2023. 

Sand dune: AREA = -12 → Overall, sand dune area decreased by 12 units.  SUM = 7 → Despite the overall decrease, some years had 
positive increases. 
Sparse sand:AREA = +6.1 → Increased overall. SUM = -7.2 → But across the years, total cumulative yearly changes were negative. 
Vegetated area: AREA = -5.2 → Lost some vegetation. SUM = +6.3 → But total positive changes over the years slightly outweighed 
losses in some periods 
 

Table 3. Data on agricultural investment areas in the 
Hajeb region. 

Ye
ar 

Agricult
ural 
area 
used 
(Ha) 

Num
ber 
of 

palm 
trees 

Cere
als 

(Ha) 

Open-
field 

agricul
ture 
(Ha) 

Greenho
uses 

Number 

19
87 

/ / / / / 

19
98 

/ 1167
39 

/ /  

20
08 

5484 2371
90 

25 50 135 

20
18 

5394 2396
45 

9 200 103 

20
22 

5394 2402
45 

8 150 50.00 

Source: Agriculture département of Biskra 2023. 
 
However, the machine learning feature 

importance ranking placed NDSEI and BSI as 
stronger predictors of dune activity than NDVI, 
indicating that soil exposure plays a dominant role in 

current dune dynamics. 
The increasing pixel value also hints at changes in 

soil moisture, as suggested by the low SVAMI values, 
which indicate moisture stress and its influence on 
vegetation growth. 
 

4.2 Expansion of Sparse Sand Areas 
 
The sparse sand class expanded from 36.11% 

in 2004 to 42.16% in 2023, marking a 6.05% increase. 
RF and SVM classification outputs, supported by 
NDVI trends becoming more negative (-0.1411 to -
0.1553), confirmed this expansion is associated with 
higher sand content and degraded vegetation cover. 
Low SVAMI values corroborate increasing moisture 
stress, a primary factor in reduced plant 
establishment. 

Variability within sparse sand areas increased, as 
shown by a broader NDVI–BSI range in 2023. The sum 
of pixel values for sparse sand rose from -25.25 to -
32.44, indicating both areal expansion and increased 
surface reflectivity due to vegetation loss. Feature 
importance analysis from the RF model ranked SAR 
backscatter (VV) and BSI as critical predictors for 
detecting sparse sand transitions, reflecting their 
sensitivity to soil surface roughness and exposure. 
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Figure 8. NDSEI spatial changes between 2004-2023. 

 

 
Figure 9. BSI’s Elhadjeb region from 2000 to 2022. 

 
4.3. Environmental Factors Influencing 

Sand Movement 
 
Climatic drivers exert a strong influence on 

observed geomorphic changes. Data from the Biskra 
station show maximum summer temperatures reaching 
40.38°C (July) and winter minima around 15.79°C 

(January) (Boukehlifi et al., 2025; Barroso et al., 
2024). These seasonal extremes, coupled with large 
diurnal ranges, accelerate mechanical weathering, 
promoting rock disintegration into transportable sand 
particles (Eppes, & Keanini, 2017). 

 

 
Figure 10. Vegetation surface in El Hadjeb region from 

2000 to 2022 via NDVI 
(https://lpdaac.usgs.gov/products/mod13q1v006/). 
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Figure 11. MSAVI’s El Hadjeb region from 2000 to 2022. 

 
The Standardized Precipitation Index (SPI) 

indicates a prolonged precipitation deficit from 2014–
2023, exacerbating dune destabilization by reducing 
soil moisture, accelerating salinization, and 
promoting organic matter loss (Figure12). 

 

 
Figure 12. SPI standardized precipitation index over the 

period 1981-2022 El Hadjeb. 
 
Wind patterns from the El Hadjeb station 

reveal dominant spring and summer high-speed 
winds, aligned with the observed timing of peak sand 
transport. GEE-based wind–sand correlation analysis 
showed that periods of elevated wind speed (>6 m/s) 
strongly aligned with SAR-detected surface 
roughness changes. (Figure 13). 

 

 
Figure 13. Wind speeds and directions in the El Hadjeb 

study area. 

Restoration efforts, mapped using NDVI and 
SAR temporal composites, show localized 
improvements in vegetation density, which the SVM 
model predicts as areas of reduced sand mobility. 

The observed trends emphasize the importance 
of restoration efforts in mitigating desertification. The 
expansion of sparse sand areas, alongside the growth 
of restored areas, suggests that restoration may be 
influencing sand movement dynamics. Restoration 
plays a crucial role in stabilizing the landscape, 
improving soil moisture retention, and supporting 
vegetation growth, which can help curb barren land 
spread and the growth of sparse sand areas. However, 
ongoing monitoring is necessary to assess the success 
of these efforts and refine strategies. 

In conclusion, integrating NDVI, SVAMI, and 
SBI data with sand movement trends, alongside 
analysis of temperature, precipitation, and wind 
patterns, offers a comprehensive view of the complex 
interactions between vegetation health, soil moisture, 
and sand dynamics. The decline of sand dunes and 
expansion of sparse sand areas highlight the need for 
further research on the environmental drivers behind 
these changes. These findings stress the significance 
of addressing desertification while promoting 
restoration efforts. By utilizing indices like NDVI, 
SVAMI, and SBI, combined with climate data, we 
gain valuable insights, and continued research is vital 
to develop targeted strategies to combat 
desertification and support sustainable land practices. 

 
5. CONCLUSIONS 

 
The present study provides a comprehensive 

investigation into sand encroachment dynamics in El 
Hajeb, Algeria, from 2000 to 2023, revealing 
significant changes in the region’s sand landscapes.  

The results show an 11.90% reduction in dune 
areas and a 6.05% increase in sparse sand regions, 
largely driven by vegetation loss, soil moisture stress, 
and climatic factors such as prolonged droughts, high 
wind speeds, and rising temperatures (IPCC, 2021).  

These processes contribute to desertification, 
as indicated by decreasing NDVI and MSAVI values 
(Tucker, 1979; Qi et al., 1994), which reflect 
vegetation stress and absence, and trends pointing to 
reduced soil moisture stability. 

By integrating remote sensing indices—
NDESI, NDVI, MSAVI, and BSI (Rondeaux et al., 
1996; Xu, 2008)—with machine learning models like 
Random Forest and Support Vector Machines 
(Breiman, 2001; Cortes & Vapnik, 1995), the study 
produced highly accurate maps identifying critical 
hotspots for sand encroachment and desertification. 
Sentinel-1 SAR data (ESA, 2017) and Google Earth 
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Engine (Gorelick et al., 2017) enabled precise 
temporal analysis of sand cover changes, vegetation 
dynamics, and soil conditions. These findings 
highlight the vulnerability of the region’s ecosystem 
and emphasize the growing risks to agricultural 
productivity, ecosystem stability, and socio-economic 
resources. 

To mitigate desertification and stabilize the 
landscape, the study recommends a multi-faceted 
approach: 

Windbreaks and Sand Fences: Establish 
physical barriers to reduce sand mobility and curb 
wind-induced erosion (Fryrear, 1985). 

Afforestation and Vegetative Stabilization: 
Implement large-scale tree planting and restore native 
vegetation to enhance soil stability, improve moisture 
retention, and create natural barriers against sand 
encroachment (FAO, 2013). 

Soil Management Techniques: Use organic 
amendments and water conservation practices to 
restore soil health and improve its capacity to support 
vegetation (Lal, 2004). 

Integrated Monitoring Systems: Develop 
continuous monitoring frameworks combining 
remote sensing data with ground-based observations 
and socio-economic indicators to track desertification 
and assess intervention outcomes (UNEP, 2020). 

Community Engagement: Involve local 
communities in restoration efforts, emphasizing 
awareness, training, and co-management for 
sustainable practices (Reij et al., 2009). 

These strategies, aligned with long-term 
adaptive climate measures, will enhance resilience, 
support fragile ecosystems, and foster sustainable 
land management in arid and semi-arid regions.  
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