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Abstract

This study aims to identify regions prone to desertification in the Hodna basin, which covers a vast area of the
vulnerable Algerian Steppes. Thirteen factors were selected as independent variables: geomorphological factors
(wind and water erosion, Topographic Position Index (TPI), Drainage Density, Slope, Aspect, Elevation),
environmental factors (Normalized Difference Vegetation Index (NDVI) and Evapotranspiration), soil factors (Land
surface Temperature (LST) and Normalized Difference Salinity Index (NDSI), and socio-economic factors (the Human
Influence Index (HIl) and the Livestock. Due to the lack of previous desertification data, NDVI anomalies served as
the dependent variable. all of the variables were mainly derived using remote sensing techniques and a logistic
regression model was applied for analysis in the R environment for desertification susceptibility mapping, displaying
stable predictive power with a Receiver Operating Characteristic (ROC) curve of 0.76. Unlike the Northern part of the
Mediterranean, where water erosion is predominant, wind erosion and soil salinization emerged as key factors in
this study, while the socio-economic factors had less influence than anticipated. The resulting map shows that 45.4%
of the basin is highly to very highly susceptible to desertification, provinding essential data for targeted intervention

strategies.
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Introduction

Desertification is a global environmental concern
described as the land degradation in drylands that
encompasses arid, semi-arid and dry sub-humid areas
caused by extreme hydro-climatic events, that complex
interaction and concomitance of these events with
several factors including climatic fluctuations and human
actions increase their frequency and intensity
(Yakhlefoune et al., 2023) moreover the United Nations
Convention to Combat Desertification (UNCCD) identifies
land degradation as a reduction or loss of the biological
or economic productivity and complexity of land use and
land cover in these regions resulting from a combination
of processes including those originating from human
activities and settlement patterns like soil erosion caused
by wind or water; deterioration of the physical, chemical,
biological or the economic proprieties of soil and long-
term loss of vegetation cover (Parry, 2007; Borsali et al.,
2019). In addition, based on the Contribution of the
Working Group Il to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC)
(Mirzabaev et al., 2022) there is substantial evidence of
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the existence of desertification in deserts therefore we
can include the hyper-arid areas to the definition of the
desertification phenomenon.

Algeria is one of the most threatened countries by
desertification in Northern Africa and the Mediterranean
region, of its total surface of 230 million hectares 84% is
unaltered deserts while 5% are mountainous areas prone
to water erosion while 8.4% are steppic areas and 35% of
it is highly sensitive to desertification (Merdas et al.,
2019), Considering the major role they play in the
country’s agricultural economy they are subject to
anthropogenic pressure like overgrazing, inappropriate
land use management and severe drought events due to
climate change (Kouba et al., 2021) they are the most
vulnerable areas to the land degradation and
desertification phenomenon (Bouhata & Kalla, 2014).
Moreover, the importance of studying the Hodna
watershed lies in the fact that it encompasses a vast area
of the steppe regions, these areas are comprised
between the Atlas mountains within the Atlas Tellian
North and the Atlas Saharan South making a natural
barrier against the progression of the desert towards the
North (Benazzouz & Boureboune, 2009).
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Several methods, mapping and assessment
techniques have emerged during the last decadic periods
used for the study and evaluation of desertification,
essentially remote sensing based approaches were used
namely change detection and bi-temporal change
detection methods such as spectral mixture analysis
(SMA); linear mixture model (LMM); change vector
analysis (CVA); principal component analysis (PCA);

iterative  principal component  analysis  (IPCA);
multivariate  alteration detection (MAD), image
differencing, long-term study of NDVI and rainfall,

supervised classification methods and multi-criteria
evaluation (Albalawi & Kumar, 2013). There are few
limitations associated with these techniques which let
alone does not provide sufficient data to draw a
compelling conclusion (Albalawi & Kumar, 2013) due to
spatial resolution issues and scales, the quality and
availability of data, the absence of consistency across
different studies making it a difficult task to analogize and
integrate results, the complexity of desertification and its
temporal dynamics, inadequacies in capturing human
interactions and the socioeconomic factors and finally
the limitations of ground-truth validation.

Other than that, Kosmas et al. (1999) proposed a
holistic approach to better capture human-environment
interactions. The Mediterranean Desertification and Land
Use (MEDALUS) model, which was later updated by
Ferrara et al. (2020), incorporates both natural and
human factors contributing to desertification. This model
has proven effective and is widely used across several
Mediterranean regions, yet its limitation lies in the fact
that it was designed for the northern Mediterranean
environments where water erosion is the primary issue
unlike arid regions where the main concerns are wind
erosion and soil salinization (Kosmas et al., 1999), a
concern emphasized also by (Gad, 2020) and may
necessitate adjustments like the study of (Boudjemline &
Semar, 2018) for example applied to the Hodna
Watershed. In the light of that and seeking a method that
allows more freedom and flexibility in choosing and
including variables we applied the logistic regression
method, a widely recognized and accepted approach in
so many fields, for instance in geoscience, especially for
hazards it has been applied for landslide studies
(Brenning, 2005), flood susceptibility modelling (Mind’je
et al., 2019), earthquake to perform seismic vulnerability
assessment (Han et al., 2019), erosion (Conoscenti et al.,
2014), volcanic hazard activity (Junek et al., 2012) and
desertification (Djeddaoui et al., 2017; Mihi et al., 2022).

The primary goal of our study is identifying and
mapping desertification susceptibility in the Hodna
watershed which occupies a vast region of the Algerian
steppe considered highly vulnerable to desertification
with serious consequences on the local economy
including important factors such as erosion and soil
salinization to then carry out a reliability and stability
assessment of the predictive model applying the Receiver
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Operating Characteristics (ROC), goodness of fit and the
multicollinearity diagnosis. Providing key elements and
an up-to-date susceptibility map of desertification that
helps in the decision-making process to take appropriate
precautionary actions to combat and mitigate
desertification.

Study Area

The Hodna watershed is one of the basins of the
Algerois-Hodna-Soummam hydrographic region it is
situated between latitudes 34°N & 36°N and longitudes
3°E & 6°E. According to the National Agency of Integrated
Water Resources Management in Algeria (AGIRE), the
Hodna is an endoreic basin it covers a considerable area
of 25843 km? representing 54% of the total area of the
Hydrographic basin of the Algerois-Hodna-Soummam and
draining into a closed depression of Chott El Hodna at
400 meters of altitude , it is surrounded North by the
Isser and Soummam watersheds being part of the same
hydrographic region, West by the Chellif-Zahrez basin,
East by the Constantinois-Seybousse-Méllague basin and
South by the Saharan region. It represents the transition
between the Atlas Tellian chain highlighted by the East-
West Hodna mountains with the culminant peak of
mountain Tacherift Guetiane at 1900 meters East
tapering towards the West down to 1000 meters and
South the Saharan Atlas chain forming a barrier not
transcending 1200 meters. The basin spans over 7
districts counting parts of Médea, Bouira, Sétif, Bordj Bou
Arreridj, Batna, M’sila et Djelfa and the population census
exceeded 2 million in 2014 comprising 100 municipalities
and 259 agglomerations.

In accordance with the climatic classification of
Gaussen (1937) most of the hydrometric stations of the
basin show a dry arid climate except for the station of
Bordj Bou Arreridj in the Northmost presenting
Mediterranean climate (Kebiche, 1994), a Mediterranean
climate with arid tendencies mainly due to the Saharan
influence with mean annual precipitation of more than
800 mm for the Atlas Tellian relief, around 200 to 400 mm
for the high steppe plains considered the transition
between the Atlas mountains chain and less than 100
mm for the Southern borders of the Atlas Saharan and
the depression of Chott El Hodna while high altitudes of
the Atlas Saharan receives a considerable amount of
precipitation like for instance Ain Oghrab at 1304 meters
with 323.5 mm, moreover the thermal regime which has
a strong correlation with precipitation displays
substantial fluctuations ranging from (-0.6°) in winter to
around (40°) in summer (Kaabeche, 1996).

The primary geological and geomorphological traits of
the basin are an alternation of clayey marls and
limestone levels back to the Cenomanian period
composing the relief, flat surfaces formed by alluvial
deposits from the quaternary representing the Glacis
(chebket), depressions which are zones of concentration
of runoff water and sedimentation of solid particles
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classified into two categories salty nature (Sebkha, Chott)
and non-salty nature (Daya) and finally dunes, heaps of
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quartz sands rich in clayey materials (Kaabeche, 1996).
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Figure 1: Representation of the Study Area

Materials and methods

Methods

The nature of the dependent and independent
variables plays an initial guiding role in selecting a model.
In the case of continuous dependent variables in nature,
multiple linear regression can be used. When it is
dichotomous in nature, as desertification phenomena
defined by its presence or absence in a given terrain unit,
discriminant analysis and logistic regression are suitable
(Mathew et al., 2009). However logistic regression has
been often used in various fields, it is preferable to
discriminant analysis when the independent variables are
categorical, continuous, or combined (Atkinson &
Massari, 1998).

The logistic regression model is the most frequently
applied model to depict the relationship between an
outcome dependant or response variable and a set of
independent predictive or explanatory variables (Smith &
Mckenna, 2013). It is robust when the data are auto-
correlated, which is the case for the Geographic
Information System (GIS) raster coverages (Mathew et al.,
2009). In a practical sense, unlike discriminant analysis
logistic regression does not rely on strictly meeting the
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assumptions of multivariate normality and equal
variance-covariance matrices across groups, which are
often not met in many situations but logistic regression is
much more robust when it happens, making its
application appropriate in many situations and it has
simple statistical tests, similar to approaches to
incorporating metric and nonmetric variables and
nonlinear effects, and a broad range of diagnostics
(Joseph F. Hair et al., 2009). It does not only provide an
assessment of how relevant a predictor is, but also its
direction of association positive or negative. Based on
these advantages, in our study of desertification
susceptibility, it has been decided to use logistic
regression where the dependent variable is dichotomous.

Logistic regression is a mathematical modelling
approach that is based on the logistic function p , which
is defined as:

1
p= 1+e~2 (1)

where p is the odds of the event occurrence that
varies from 0 to 1, and z is the linear logistic model, that
varies from —eoo to +o0, and can be defined as:

z=a+ ) [iX; ()

Where:
« :is the constant,
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B i:is the corresponding coefficient, and

X i: is the independent variable

Hence, z is an indicator that combines the
independent variables. By substituting Equation (2) in (1),
we get:

1
p= 1 + e~ a+XBiXi

using the data of the independent variables we
estimate the unknown parameters of a and B_i, seeking
the best fit by applying the maximum likelihood method.
The observed data have a value of 0 or 1, meaning the
occurrence or not of the hazard (Mathew et al., 2009).

Desertification factors (independent variables)

Desertification indicators highlight the processes of
desertification to its endpoint of irreversibly barren soils.
The most effective ones, nonetheless, are those which
indicate the probable risk of desertification while there is
still time and scope for remedial measures (Ferrara et al.,
2020), in the light of that and based on key factors often
used or referred to in the literature(Abahussain et al.,
2002; D’Odorico et al., 2013; De Pina Tavares et al., 2015;
Djeddaoui et al., 2017; Ferrara et al., 2020; Hadeel et al.,
2010; Kairis et al., 2014; Kosmas et al., 2003, 2006;
Mirzabaev et al., 2019; Rubio & Bochet, 1998) thirteen
factors that seems suitable were selected for our
watershed and divided into four categories as follow:
Geomorphological, environmental, soil and
socioeconomic factors and implemented as a resampled
rasters using “R” (R Core Team, 2016) so they all get
similar pixel size and same extent to avoid errors applying
the logistic model that allows the use of binary and scalar
values for the independent variables that are not
continuous that is why we should encode binary values of
1 to relevant classes and 0 to remaining classes for each
categorical variable (Dai & Lee, 2002). In our study all our
factors are continuous except for the slope aspect raster
which has a categorical form.

Geomorphological factors

Desertification and geomorphological processes are
interwoven, involving several morphodynamic factors
altering landforms such as soil erosion and serve as
indicators of land degradation and hence play a
significant role in desertification monitoring (Bakhit &
Ibrahim, 1982), in Algeria erosion is a permanent
calamity, the enormity of its direct and indirect
consequences are difficult to translate into figures but
easy to estimate (Benabbas, 2006). It represents a
serious risk because of its permanent action over a long
period and in large areas (Grecu, 2016). In an attempt to
assess desertification, we identified six geomorphological
predictive factors that play a major role in the
desertification process used in previous studies (Basso et
al., 2010; Djeddaoui et al., 2017; Ferrara et al.,, 2020;
Kosmas et al., 2003; Wang et al., 2008).
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Slope aspect is an important trigger for land
degradation processes. It affects the microclimate by
influencing the angle and the duration at which the soil is
exposed to the sun leading to higher temperatures and
increased  evapotranspiration.  South, West and
Southwest-facing slopes receive more sunlight resulting
in a drier soil prone to erosion and incapable of
supporting vegetation. Reduced vegitative cover
combined with the slope gradient gravitationall pull
effect further exacerbates erosion stripping away rich
topsoil accelerating desertification (Kosmas et al., 2003).
A value of 1 was assigned for the target classes and a
value of 0 for the rest of the aspect classes.

Slope gradient is one of the most critical factors
recognized as affecting land degradation and
desertification risk by exacerbating soil erosion (Kairis et
al., 2014), which has a severe impact on soil and
environmental quality (Lal, 2001). Steeper slopes are
subject to an accelrated soil erosion and hydrological
pattern alteration causing rapid runoff influencing the
inflitration rates and the transport of sediments along
with a reduced plant cover contributes to the
desertification process.

Elevation is a significant factor with a direct impact on
climatic conditions, mainly due to the changing patterns
of precipitation and temperatures at different elevation
gradients (Tai et al., 2020). The climatic variations
induced by the elevation affects soil moisture and
vegetative patterns combined with the slope aspect and
gradient along with the soil composition may lead to
resilient or vulnerable areas to desertification. In our
study we used the “SRTM Plus version 03 “of 1 arc-
second (30 m) digital elevation model (DEM) from the
Shuttle Radar Topography Mission (Farr et al., 2007).

Topographic Position Index (TPl) is an important
terrain attribute that reflects the erosion vulnerability,
particularly in areas prone to tillage erosion (Wehrhan &
Sommer, 2021). It influences plants distribution affecting
moisture levels and environmental stressors exposition
like wind and water erosion, TPl also shapes the livestock
grazing distribution (Gersie et al., 2019). Additionally, TPI
may be significant to the ecological traits of an area and
its hydrology, mesoclimate or microclimate, wind
exposure or cool air drainage at several scales (Weiss,
2001). TPl is the difference between the elevation at the
center point (Z_C) and the average elevation (Z_A) across
a defined radius (R) and calculated using the following
equation (De Reu et al., 2013):

TPl =27,—-2Z,

In order to compute the TPl in our case we used the
ArcGIS  (Esri, 2019) Geoprocessing tool called
“Topography Tools” and applied a radius of (100 pixels)
which we found to be more suitable for our watershed.

In the presence of streams and channels and their
erodible effects, Drainage density is an important factor
in the erosion processes (Akgin & Turk, 2011),
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quantifying the number of streams within a defined area
unit (km?) it serves as an indication of erosion potential
(Grecu, 2018) which contributes to desertification. High
drainage density accelerates topsoil removal during rain
events reducing soil productivity and limiting water
infiltration  exacerbating  soil  degradation and
desertification. It is commonly used to assess both
erosion and desertification. The drainage network was
derived from a (30 m) resolution DEM and the drainage
density was computed using a grid of rectangular polygon
of (10x10 Km?) as a spatial extent within ArcMap (Esri,
2019).

Water Erosion is the predominant form of soil
degradation, it occurs on all continents and under all
climatic conditions. it manifests in two forms: the loss of
topsoil through surface wash and terrain deformation. In
areas with low structural stability run-off water may
quickly incise gullies, washing away substantial soils. this
process have several consequences for fertile topsoil
reducing the productive potential of the soil (Oldeman,
1991) that leads to desertification.

In our study, we adopted the Revised Universal Soil
Loss Equation (RUSLE) (Wischmeier & Smith, 1978) a
well-known and universally accepted and implemented
empirical soil erosion estimation model based on five
factors (Ghosal & Das Bhattacharya, 2020) integrated
with GIS to identify areas highly affected by water
erosion using the following equation:

A=R X K XLS XC XP

Where:

A: computed spatial average soil loss per unit of area,
expressed in ton per hectare per year (t. ha™! /yr).

R: the erosivity factor is defined as the product of
kinetic energy and the maximum 30-minute intensity and
displays the effect of raindrop impact and also shows the
amount and rate of runoff associated with precipitation
events (Wischmeier & Smith, 1978).

Given by the following equation developed by
(Wischmeier & Smith, 1978) and modified by (Arnoldus,

1980):
2
(p—"> —0.08188)
p

where R is the rainfall erosivity factor (MJ
mm-ha~1-h~1-y~1), p; is the monthly rainfall (mm), and
p is the annual rainfall (mm).

Rainfall monthly data was obtained from global land
precipitation data of the Climate Research Unit by the
University of East Anglia (CRU) version 4 (Harris et al.,
2020) as a NetCDF file and using ArcGIS to extract the
corresponding bands of the twelve months of 2018 and
then use cell statistics to calculate the annual rainfall and
converting the raster to points to be interpolated using
the Kriging method to get our (30 m) resolution raster
map for R factor.

K: is soil erodibility factor it is the rate of soil loss per
rainfall erosion index unit (¢t - ha -h-ha™!-MJ~1-mm™1)

12
R = 1.735 x 10(1.5 X log,
i
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and accounts for the effects of soil qualities on soil loss
during storm events. It is connected to the combined
effect of rainfall, runoff, and infiltration (K.G. Renard et
al.,, 1997) and to calculate the soil erodibility factor we
used (J.R. Williams, 1995) formula:

K= csand X Fcl—si X Forgc X Fhisand
Msire
Fesana = (02 +03 X exp [~0.256 x m x (1 - 250)
F I-si = (& 0.3
cl-si
me + Mgy
0.25 X orgc
Forgc = (1 )

B orgc + exp [3.72 — 2.95 X orgc]

_Ms
0.7 x (1 100)

Fhisand:(l_ m m
— S _ _ S
(1-155) + exp [-551 +22.9 x (1 - 155)
Where: Fesana is a factor that confers low soil

erodibility factors for soils high on coarse sand and high
values for soils with small amount of sand, Frsi) is a
factor that confers low soil erodibility factors for soils
high on clay and silt proportions, Forgc is a factor that
decreases soil erodibility for soils high on organic carbon
content, Fhisand is @ factor that decreases soil erodibility
for soils with very high sand contents, mst is the
percentage of silt content (0.002-0.05- mm diameter
particles), mc is the percentage of clay content (<0.002-
mm diameter particles), ms is the percentage of sand
content (>0.05- mm diameter particles)

Using a digital soil map of the world vector data of
the FAO (Food and Agriculture organisation of the United
Nations) from the FAO soil portal as an ESRI shapefile
which also contains the data that concerns many
properties of soil such as gain size (silt, clay and sand)
and organic matter content, once the soil properties
derived and the K factor is calculated we use it as a field
value to convert the soil map of our watershed from
polygon to raster to obtain soil erodibility raster map.

LS is the topographic factor slope length and
steepness which interpret the effect of topography on
erosion in RUSLE. We can also say that it determines the
influence of landforms on soil erosion (Grecu et al.,
2017), it is a combination of slope length factor (L)
defined as the horizontal distance from the source of
overland flow to the point where depositions begin or
runoff becomes concentrated in channels and slope
gradient factor (S) which reflects the influence of slope
gradient on erosion (K.G. Renard et al., 1997).

The equation proposed by (lan D. Moore & Gordon J.

Burch, 1986) was adopted to calculate LS Factor:
cell size sin Slope

22.13 [ 0.0896
Where: Flow accumulation indicates the accumulated

upslope contributing area for a given cell computed along
with slope steepness using DEM in ArcGlIS, cell size is the

]0.4 ]1.3

LS = [Flow Accumulation X
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size of the grid cell, in our case (30 m) and sin slope is the
slope degree values in trigonometric function sin.

C: cover management factor most often used to
compare the relative influence of management schemes
on conservation plans, it reflects the impact of cropping
and management practices on erosion rates (Renard et
al., 1997). Ranging from a value of 0 indicating full soil
coverage to a value of 1 indicating no soil coverage
(Wischmeier & Smith, 1978), The factor C has been
calculated using the NDVI (Normalized Difference
Vegetation Index) derived from 30-meter resolution
Landsat 8 OLI/TIRS Collection 2 Level-2 data during the
2018 growing season, and applying the formula used by
Vatandaslar & Yavuz (2017) on a semi-arid watershed as
follows:

C=0431-0.805%x NDVI

P: conservation practices factor is the soil-loss ratio
with a specific support practice to the corresponding soil
loss with upslope and downslope plowing. practices that
primarily affect erosion by altering the surface runoff
parameters which reduces soil loss and consequently
corrects the Soil loss estimation (K.G. Renard et al.,
1997). Mostly applied for agricultural areas or artificial
pastures and ranging between 0 and 1 and, where 0
refers to the highest effectiveness of the conservation
practices implemented and 1 refers to the absence of
support practices or measures.

In our study in the absence of conservated practices
outside the agricultural lands which are poorly managed,
we derived the P factor using the method proposed by
Wischmeier & Smith (1978) that suggests assighing a
certain P value according to slope percentage and land
use cover type as follows:

Table 1: P values (Wischmeier & Smith, 1978)

Land use type Slope (%) P factor
Agriculture 0-5 0.1
5-10 0.12
10-12 0.14
20-30 0.19
30-50 0.25
>50 0.33
Other All 1
Land use type Slope (%) P factor

And for the land use map we used the ESA
WorldCover, a global land cover product at 10 m
resolution for 2020 based on the Sentinel-1 and 2 data
with an overall accuracy of 73.6x 0.2 providing 11 classes
and is defined using the Land Cover Classification System
(LCCS) by the United Nations (UN) Food and Agriculture
Organization (FAO) (Zanaga et al., 2021).

Wind Erosion is the second most significant type of
soil degradation, it is an intricate geomorphological
phenomenon omnipresent in arid and semi-arid regions
where the vegetation is sparse and soil is often loose and
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dry making it a detrimental process as it leads to the loss
of rich topsoil and also alters soil structure shaping dunes
and blowouts that accelerates desertification.

In our study we implemented the Index of Land
Susceptibility to Wind Erosion (ILSWE) adopted by
(Borrelli et al., 2015, 2016) that relies on the combination
of the following key factors: surface protection is minimal
to non-existent, soil surface vulnerability and strong
winds as a condition for wind erosion occurrence (Borrelli
et al., 2015) and the equation is given as follows:

ILSWE = CE X EF X SC XVC X SR
Where:
CE: is climatic erosivity factor, a measure of the climatic
susceptibility to generate conditions conducive to wind
erosion (Skidmore, 1986), calculated by the equation
proposed by (Chepil et al., 1962):

386 x 443

E
¢ PE?

with « as the mean wind speed (m/s) obtained from
the “Global Wind Atlas 3.0” owned and operated by the
Technical University of Denmark (DTU) and PE is the
Thornthwaite potential evaporation index calculated as
follows:

3
PE = 3.16 x Z(—l)10/9
Ti+22

where P; is the monthly mean precipitation (mm); T;
is the monthly mean temperature (C°) derived from high-
resolution grids of monthly climatic observations CRU-TS
4.03 dataset (Harris et al., 2014) statistically downscaled
with WorldClim 2.1 (Fick & Hijmans, 2017).

EF:. is the wind-erodible fraction of the soil that
interprets the soil's capacity to withstand wind forces, it
expresses the relationship between soil loss by wind and
the characteristics of the soil surface (Fryrear et al,,
1994).

We applied the equation based on the soil’s texture
and chemical proprieties proposed by (Fryrear et al.,
1994) as follows:

29.09 +0.31 X SA + 0.17 X SI + 0.33 X %

100

+2.59 X OM — 0.95 X CaCO03

EF

where SA is the sand content, S/ is the silt content, CL
is the clay content, OM is the organic matter content and
CaC03 is the calcium carbonate content within the
verified lower and upper threshold values specified by
(Fryrear et al., 1994). We used data of topsoil in the
digital soil map of the world vector data of the FAO to
extract the soil proprieties.

SC: Soil crust is a relatively thin, consolidated layer at
the soil surface, it is more compact and mechanically
stable compared to the soil underneath (Zobeck, 1991), it
is usually less vulnerable to abrasion by blowing soil and
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erodes at a slower pace than the soil beneath it (Fryrear
et al., 2000). Playing a major role in conserving soils, it
has been utilized to estimate the impact of soil crust on
the wind erosion susceptibility of soils (Borrelli et al.,
2014). We calculate it based on (Fryrear et al.,, 1998)
equation:

SC

1
" 1+0.0066 x (CL)? + 0.21 X OM?

where CL is the clay content and OM is the organic
matter, and we used data of topsoil in the digital soil map
of the world vector data of the FAO to extract these soil
properties.

VC: Vegetation cover factor, for assessing wind
erosion vegetation parameters such as height and foliage
cover (leaf area) are essential (Wischmeier & Smith,
1978). The existence of a vegetated cover increases the
turbulence close to the surface and therefore dissipates
the wind’s kinetic energy resulting in a decrease of the
near-surface  wind velocity (Shao, 2008) and
subsequently a reduction in wind erosion, and to
describe the vegetation cover we used the Leaf Area
Index (LAI), an established index that is largely employed
for modelling soil erosion by water (Shao Y; Leslie, 1997),
we employed the “Biophysical Processor” developed for
the SNAP toolbox to compute several biophysical
variables to derive the (LAI) using Sentinel-2 level-2A
product, Bottom Of Atmosphere (BOA) reflectance
images (10 meters ) resolution from September 2018.

SR: Surface Roughness factor, is important for the
wind erosion assessment as it affects wind dynamics by
enhancing frictional effects, which diminish wind energy
near-surface (Wever, 2012), and therefore dissipating
wind erosivity.

Applying the equation proposed by (Evans, 1972)
using the raster calculator:

SR = (FSpmean — FSmin)/ (FSmax — FSmin)

Where FSpean, FSmin and FSp..are mean,
minimum and maximum focal statistic layers prepared
using the DEM with the focal statistics tool from the
neighborhood toolbox in spatial analyst tools within
ArcMap, that calculates for each input cell location a
statistic of the values within a specified neighborhood
around it which in our case was 100 meters.

Environmental factors

Environmental factors play a key role in the
desertification process as they can facilitate the
assessment and monitoring of desertification at regional
and local scales, by providing synthesized information on
the state and trends of environmental processes that
lead to desertification (Kosmas et al., 2003), in our study
two factors have been retained as environmental
predictive parameters of desertification: the NDVI and
Evapotranspiration.
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approach

NDVI (Normalized Difference Vegetation Index) a
simple numerical indicator that can be used by remote
sensing measurements and one of the most extensively
applied vegetation indices for its sensitivity to the
presence, density, and condition of vegetation, it has
been employed as an indicator of desertification in the
literature (Ghebrezgabher et al., 2019; Lamchin et al.,
2016; Lamgadem et al.,, 2018; Salih et al.,, 2021).
Vegetation cover is a pivotal element in the
desertification dynamics as it enhances soil stability and
improves inflitration maintaining moisture levels and
fertility mitigating arid conditions and land degradation
susceptibility. We used the atmospherically corrected
surface reflectance image Landsat 8 OLI/TIRS Collection 2
level-2 acquired on August 2018 to extract the NDVI of
our watershed.

Evapotranspiration is the simultaneous loss of water
from plants and soil surfaces to the atmosphere as a
process. It consists of two distinct processes involved :
transpiration and evaporation. Transpiration is water loss
from the plants and evaporation is water loss directly
from the soil surface or from evaporating surfaces other
than plants (Novak, 2011). In our study we used the
potential evapotranspiration, it provides a practical
approach to evaluate the drought severity in some
geographical regions, especially where water is the
limiting factor affecting plants and soil productivity
(Croitoru et al., 2013; Kosmas et al., 2003), increasing
potential evapotranspiration led by any minor variation in

meteorological factors induced by climate change
increase dry conditions which may exacerbates
desertification (Shan et al., 2016).

To  derive  the mean annual potential

evapotranspiration map for our study we used the
Potential ET (PET) layer provided in the year-end gap-
filled 8-day composite dataset MOD16A2GF version 6.1
produced at 500 m pixel resolution and a scale factor of
0.1 which is the improved MOD16 (Running et al., 2021),
extracted the corresponding layers of 2018 using the
AppEEARS software (AppEEARS Team, 2022) and then
used ArcGIS to calculate, extract and resample the layer
to 30m resolution for the Hodna Watershed keeping in
mind that raster resampling may not improve accuracy
and is used just for the spatial alignment to help prevent
issues such artifacts by standardizing the proprities of the
rasters.

Soil Factors

Soil is a living medium resulting from the physical and
chemical weathering of the parent rock under the
influence of climatic and biological agents. It is an
essential component that performs several ecological
functions in ecosystems crucial for bioactivity. Today, soil
degradation, including desertification, results from a
reduction in the soil's ability to support these vital
functions. This phenomenon is caused by various factors,
including erosion, salinization, elemental imbalances,
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acidification, and depletion of soil organic matter (Lal,
2012; Allam et al., 2021). Soil texture, structure, organic
matter content, mineralogy, water retention capacity,
stone content, parent material, slope angle, aspect,
climate, and rate of soil formation are parameters that
influence the impact of soil degradation on
desertification (Lahlaoui et al., 2017 ; Zouidi et al., 2019).
Soil depth, in particular, remains a critical indicator of the
current state and potential risk of desertification (Kosmas
et al.,, 2003).

In our study we selected two predictors as soil factor
influencing the desertfication process, the soil
salinization considered to be one of the most relevant
indicators to characterize desertification (Kibblewhite et
al., 2007) with the NDSI (Normalized Difference Salinity
Index) and the LST (Land Surface Temperature) which is a
crucial parameter for earth surface as it is sensitive to
vegetation and soil moisture, therefore it can be used to
detect desertification (Javed Mallick & Bharath, 2008).

NDSI (Normalized Difference Salinity Index) is a
numerical indicator used in remote sensing to quantify
the soil salinization. An important manifestation of land
degradation (Yu et al.,, 2022), a mechanism in arid and
semi-arid climatic zones refering to the accumulation of
water soluble salts (NaCl) in topsoil to a level that leads
to the decline of agricultural production and ecosystem
productivity (D’Odorico et al., 2013). We apply the
formula proposed by (Khan et al., 2001) to calculate NDSI
as follow using Landsat 8 OLI/TIRS Collection 2 level-2
acquired on August 2018 bands:

(Red — NIR)
(Red + NIR)

Where Red and Near Infrared (NIR) are the Bands 4
and 5 respectively of the Landsat 8 OLI/TIRS bands.

LST (Land Surface Temperature) is the radiative skin
temperature of the land obtained from solar radiation, it
is @ measurement of thermal radiation emitted from the
land surface when incoming solar energy interacts with
and heat up the ground or the canopy surface in
vegetated zones (Khan et al., 2021).

LST is a decisive factor in the physical processes of
surface energy and water balance it is widely used in
numerous fields including evapotranspiration, climate
change, hydrological cycle and vegetation monitoring (Li
et al., 2013) that is why it gets a fundamental importance
in the study of desertification, in our case we derived the
LST from the Landsat 8 OLI/TIRS Collection 2 level-2
acquired on August 2018 using the following equation
(Avdan & Jovanovska, 2016):

BT

S {1+[@ABT/p)Ingl}

NDSI =

Where:
T, is the LST in Celsius, BT is at-sensor brightness
temperature (C°) given as follow:

BT —273.15

~ In[(K,/LA) + 1]
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With K; and K, as the band-specific thermal
conversion constants from the metadata file and LA is the
top of atmospheric (TOA) spectral radiance given as
follow:

LA =My * Qcar + AL = 0;

Where M, represents the band-specific multiplicative
rescaling factor (0.0003342), Q.,; is the Band 10 image,
A, is the band-specific additive rescaling factor
(0.10000), and O; is the correction for Band 10 (0.29)

A is the wavelength of emitted radiance for Landsat 8
band 10 which is equal to 10.8

g, is the land surface emissivity calculated with the
equation used by (Sobrino et al., 2004) as follow:

g = 0.004 = P, + 0.986

Where B, is the vegetation proportion obtained
according to (Carlson & Ripley, 1997):
NDVI — NDVI,;, 17
b= NDVI,, 4, — NDVImin]

And p is the velocity of light ¢ (2.998 x 108 m/s)
divided by the Boltzmann constant (1.38 x 10723 J/K) o
multiplied by the Plank’s constant h (6.626 X 1073% J s)

—hxc
p= g

Socio-economic Factors

According to (Geist & Lambin, 2004) the climatic
conditions operating simultaneously or synergistically
with socioeconomic driving factors is the most
widespread mode of causation of desertification and its
underlying dynamics, the contribution of the
socioeconomic aspect was dominant and accounted for a
larger portion of the overall effect with the human
activities and livestock as robust drivers of desertification
(Feng et al., 2015).

In the light of that we choose to implement in our
study the human influence index map to describe human
activities using a methodology outlined by (Sanderson et
al., 2002) and the livestock map of our area of interest
extracted from the Gridded Livestock of the World (GLW
3) (Gilbert et al., 2018) that can be used later for the
assessment.

Human Influence Index Map (HIl) is the combined
influence of several factors yielded via an overlay of
continuous raster data layers that represent the various
factors presumed to exert an impact on ecosystems and
its values range from 0 no human influence to 64 with
maximum human influence (Table 2).

In the case of our region of interest, we excluded
coastlines and navigable rivers as such elements do not
exist. For the Land cover, we used ESA WorldCover
(zanaga et al., 2021) and that same layer was used to
extract urban polygons while for the Rail and Major
roads, we used the global roads open access data set
version 1 (CIESIN, 2013) and the night-time stable lights
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values was derived using NASA's Black Marble night-time
lights product suite (Roman et al., 2018) which provides

Table 2: Implemented factors and their respective scores

approach

estimates of daily night-time lights (NTL) and other
intrinsic surface optical properties.

Influence of Population density/Km? Score of Influence of Railroads Score of

influence influence
0-0.5 0 Within 2 km of railroads 8
0.6-1.5 1 Beyond 2 km of railroads 0
1.6-2.5 2 Influence Score of Major Roads /
2.6-3.5 3 Within 2 km of roads 8
3.6-4.5 4 Within 2 to 15 km of major roads 4
46-5.5 5 Beyond 15 km of major roads 0

5.6-6.5 6 Influence of Night-time Stable Lights Score of

Values influence
6.6-75 7 0 0
7.6-85 8 1-38 3
8.6-9.5 9 39-88 6
>9.5 10 >=89 10

X Score of Urban Polygons Score of

Land Cover Categories ) .

influence influence
Urban areas 10 Inside urban polygons 10
Irrigated agriculture 8 Outside urban polygons 0

Does not apply
Rain-fed agriculture 3 Influence of Coastlines for our study
area
Does not apply
Other cover types including forests 0 Influence of Navigable Rivers for our study
area

In the case of our region of interest, we excluded
coastlines and navigable rivers as such elements do not
exist. For the Land cover, we used ESA WorldCover
(zanaga et al., 2021) and that same layer was used to
extract urban polygons while for the Rail and Major
roads, we used the global roads open access data set
version 1 (CIESIN, 2013) and the night-time stable lights
values was derived using NASA's Black Marble night-time
lights product suite (Roman et al., 2018) which provides
estimates of daily night-time lights (NTL) and other
intrinsic surface optical properties.

Livestock is one of the most significant socioeconomic
factors as the effect of overgrazing is devastating the
plants and the soil, it reduces the canopy cover, damages
topsoil structure and compacts the soil due to trampling
which leads to soil crusting that in turn reduces soil
infiltration and increase soil erosion vulnerability (Yong-
Zhong et al.,, 2005; Merdas et al., 2021). We use the
Gridded Livestock of the World (GLW 3) database (Gilbert
et al.,, 2018) reflecting the most recent subnational
livestock distribution statistics for 2010. Cattle, buffaloes,
horses, sheep, goats, chickens, and ducks are all
represented as global population densities in each land
pixel at a spatial resolution of 0.083333 decimal degrees,
derived in a single raster layer for our study area. To
ensure consistency with other rasters, we resampled the
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GLW data to meet a 30m resolution. a necessary
resampling for spatial alignment that may lead to a loss
of information. Regarding temporal resolution, although
the GLW data refers to 2010 and other parameters cover
slightly different time frames (2018), we suggest that this
small difference is acceptable but does imply certain
limitations.

The dependent variable

In order to evaluate the logistic model using a
dependent variable and due to the lack of updated
cartographic data and maps of desertification sensitivity
we decided to use the NDVI anomalies as NDVI
effectiveness on monitoring land cover changes has been
proven (Sternberg et al.,, 2011). Negative changes that
occur suggest drought, land degradation and
desertification conditions because the degradation of the
vegetative cover represents an important factor that
numerous researchers include in their definition of
desertification. As the cover density decreases, the risks
of wind and water erosion, the adverse effect of
excessive solar radiation on bare soils and surface
reflectivity are increased dramatically, which contributes
significantly to the desertification processes(Glantz &
Orlovsky, 1983).
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For the NDVI anomalies, we used the terra moderate
resolution imaging spectroradiometer (MODIS)
vegetation Indices (MD13Q1) Version 6.1 with 250 m
spatial resolution (Didan, 2021). We took the NDVI of
2018 and compared it to the average NDVI decade from
2008-2017 using raster calculator we applied a scaling
factor 0.0001 and used the following formula:

NDVIAnomaly 2018 = NDV12018 - NDVIavg(2008—2017)

As for the training datasets, it is recommended to use
the best sampling method which is equal proportions of
1 for the presence or 0 for the absence of phenomena in
the entire study area (Ayalew & Yamagishi, 2005) for the
same pixel values of the independent variables, for our
study, we distributed randomly 1800 points using
stratified random sampling, 900 points where the NDVI
anomalies were positive or hadn’t undergone any
changes as a sign of no desertification, and another 900
points where the NDVI anomalies were negative as a sign
of desertification to be merged as a binary dichotomous
data in a single raster layer with each pixel assigned 1 for
desertification and 0 for non-desertification and that’s
what the logistic regression model requires to generate a
susceptibility map, subdivided as 66% and 33% training
dataset for the regression analysis and validation dataset
for the accuracy assessment respectively.

Logistic regression model implementation

Once the dataset containing the independent
variables and the dependent variable was generated for

Table 3: Estimated coefficients of the logistic model

the same area which is the Hodna watershed the logistic
regression analysis was carried out using “R” (R Core
Team, 2016), “Rstudio”(RStudio Team, 2015), “Raster
Package” (Hijmans &  Etten, 2012), “Rgeos
Package”(Bivand & Rundel, 2021),”ROCR Package”(Sing et
al., 2015) and “Rgdal Package”(Bivand & Keitt, 2017).

Upon using the “gml” function the regression
coefficients were obtained (Table 3) we then used an
accuracy assessment for the overall predicted accuracy
and used the pR2 function for the goodness of fit test
with McFadden’s, Cox & Snell’s and Nagelkerke's pseudo-
R? as an outcome. For the multicollinearity diagnosis we
used the function “ols_vif_tol” to derive Tolerance “TOL”
and the Variance Inflation Factor “VIF” an important
index widely used for that matter(O’Brien, 2007) and for
the correlation between the dependent and independent
variables we rely on the ROC curve as a quantitative
measure for the model’s accuracy.

Results and discussion

Overall statistics

The table below shows the main outputs from the
logistic regression and the calculated Odds Ratio, the
independent variables “Predictor” used in the model, the
regression coefficients “Estimate”, the “Standard Error
“of the regression coefficients, the test statistic of

Variables Estimate Standard Error
Intercept 2.666e+01 4.747e+00
Aspect 7.610e-04 8.970e-04
Drainage Density -1.143e+00 3.158e-01
Elevation -4.284e-03 5.378e-04
Evapotranspiration 2.538e-05 1.518e-04
HIl 3.526e-02 1.591e-02
Livestock 9.653e-05 5.689e-05
LST 3.188e-01 6.388e-02
NDSI 5.346e+02 3.561e+00
NDVI 5.217e+02 3.558e+00
Slope 1.553e-02 3.102e-02
TPI 2.442e-02 2.085e-02
Water Erosion -2.091e-04 2.051e-04
Wind Erosion 1.994e+00 1.118e+00

The coefficients are

statistically significant and

significance “Z value” and the p-value “Pr(>|z])".
Z value Pr(>|z]) Odds Ratio
5.617 1.95e-08 3.57e+11
0.848 0.039625 1.00e+00
-3.621 0.000294 3.19e-01
-7.966 1.64e-15 9.96e-01
0.167 0.687155 1.00e+00
2.217 0.026624 1.04e+00
1.697 0.089725 1.00e+00
4,991 6.02e-07 1.27e+00
1.501 0.013336 2.10e+02
1.466 0.014262 1.84e+02
0.501 0.616693 1.02e+00
1.171 0.241473 1.02e+00
-1.019 0.308100 1.00e+00
1.784 0.047404 7.34e+00

indicates a neutral association for the desertification

associated with a p-value <0.05 so our model suggests
that most of the predictors do affect desertification
susceptibility.

The predictors (Slope, TPI, Livestock,
Evapotranspiration, Water and Wind erosion) have a p-
value over the 0.05 threshold. As for the odds ratio we
got predictors with an odds ratio equal to 1 which
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susceptibility, these predictors are (Aspect, Elevation,
Evapotranspiration, Footprints, Livestock, Slope, TPl and
water erosion) and predictors that have an odds ratio less
than 1 indicating a negative association with the
desertification susceptibility which are the (Drainage
density and the LST) and predictors greater than 1
indicating positive association with desertification
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susceptibility and these are (NDSI, NDVI and wind
erosion). In addition, the accuracy assessment (Table 4)
for the predicted validation dataset was calculated using
“R” software with 0.74% for the presence of

Table 4: Accuracy assessment of the validation dataset

approach

desertification and 0.66% for the absence of
desertification with an overall accuracy of 0.70% which is
acceptable.

n=600 Predicted O Predicted 1
Actual 0 True Negative “199” False Positive “101”
Actual 1 False Negative “77” True Positive “223”
Accuracy 70%

Table 5: Pseudo R? test of the logistic model

Pseudo R? Test Value
McFadden R? 0.165
Cox & Snell R? 0.204
Nagelkerke R? 0.272

For the goodness of fit we have calculated three
Pseudo R? (Table 5) starting with McFadden R? with a
value of 0.165 that does not fall far from the 0.2-0.4
range which after (Louviere et al., 2000) is representing a
very good fit, the Cox & Snell R? and the Nagelkerke R?

Table 6: Multicollinearity diagnosis index

values are 0.204 and 0.207 respectively, all of these
acceptable Pseudo R? values suggests that the predictor
variables may be able to explain the response variable.

In terms of multicollinearity diagnosis we have
calculated the Variance inflation factor (VIF) and the
Tolerance (Table 6), the VIF ranges between 1.07 for the
TPl to 2.52 for the Slope and the Tolerance ranges
between 0.41 for the Elevation to 0.93 for the TPI, as a
rule of thumb by (O’Brien, 2007) the multicollinearity is
determined to be serious or excessive only if the VIF is
greater than 4 or equivalent to a Tolerance level of 0.10
or 0.25 which is not the case here.

Variables Tolerance VIF
Aspect 8.741975e-01 1.143906
Drainage Density 5.912450e-01 1.691346
Elevation 4.112777e-01 2.431447
Evapotranspiration 7.251566e-01 1.379012
HII 8.985054e-01 1.112959
Livestock 7.942807e-01 1.259001
LST 6.563278e-01 1.523629
NDSI 7.307631e-01 1.368432
NDVI 7.304922e-01 1.368939
Slope 3.969588e-01 2.519153
TPI 9.333138e-01 1.071451
Water Erosion 4.818443e-01 2.075359
Wind Erosion 4.390408e-01 2.277693

AUC=0.760
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Figure 2: Receiver Operating Characteristic (ROC) curve

We also used the ROC curve graph, a useful technique
used to visualize the model’s performance (Fawcett,
2005) which is shown in the (Figure 2) and Area Under
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Curve (AUC) which measures the performance of the
model across discrimination thresholds, the value of
0.760 is obtained for our study, while an AUC value of 1 is
a sign of a perfect fit the 0.760 indicate an acceptable fit
and implies a good correlation amongst the dependent
and independent variables, as for the ROC graph we can
notice that the proportion of correctly classified samples
is greater than the proportion of incorrectly classified
samples.

Predictive factors

Elevation induces a climatic effect on vegetation
which is essentially caused by the changing patterns of
precipitation and temperatures at different altitudes, at
low elevations precipitation is scarce and temperatures
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are high which leads to high evapotranspiration and
causes drought that limits the vegetation growth and at
higher elevations precipitation increases, temperature
drops, drought stress subsides and the vegetation growth
accelerates (Tai et al., 2020) in our endoretic basin the
higher elevations starting from “970” up to “2156”
meters represented by the mountains of both the Atlas
Tellian and Sahraoui with only 26% of the total area of
the basin followed by an average elevation starting from
“660” to “970” meters for 32% and ending at a vast
depression, a flat area surrounding and including the
Chott El Hodna for a 42% of the total area from “660”
meters down to “404” meters with more than 23% under
520 meters (Figure 3A) which leads us to believe that at
least 42% of the basin is subject to rainfall scarcity, high
temperatures, drought and increased evapotranspiration
thus the decline of the vegetative cover that leads to
desertification.

Slope gradient substantially influences the amount of
surface water runoff and soil sediment loss, when the
slope angle exceeds a critical threshold, the rate of soil
erosion increases which is the primary cause of land
degradation and desertification (Kosmas et al., 1999).
Our slope gradient map shows that most of the Hodna
watershed has a slope angle not exceeding 8°degrees,
with only higher slopes surpassing 15°degrees up to 68°
degrees on the Tellian Atlas represented by the
mountains of the Hodna est-ouest with the 1890 m of
“Djebal Guetiane” decreasing down to 1000 m to the
west and the Atlas Saharan in the south and southeast up
to “1200” meters and around the region of Boussada at
the piedmont of the mountains of Ouled Nail (Figure 3C).

Drainage density importance as an indicator lies in
the measure of the network texture and reveals the
balance between the erosive intensity of overland flow
and surface soil resistance (DESERTLINKS, 2004), in our
study area, the drainage density (Figure 3D) ranges from
“0.11” km/km? to “3.1” km/km? which is considered
poorly drained typical for an endorheic arid and semi-arid
basin where the water drains to inland in the form of
temporary lakes that evaporates leaving place to salt as it
is the case for the “Chott El Hodna” at the center of our
basin and a poorly drained soil is very vulnerable to
salinization and desertification (Kosmas et al., 1999) but
less susceptible to erosion processes.

Topographic Position Index (TPl) is the most
important predictor after elevation as it affects the
environmental characteristics (Weiss, 2001). In our basin
it ranges from “-79.49” negative indicating valleys, upland

27

drainages and lower slopes which based on (Weiss, 2001)
might have a greater response to extreme weather
events and up to “98.13” positive indicating high ridges
and small hills with in between flat plains and open
slopes ranging from “-2 to 6” and covers most of the
area, the kind of landform with high sensitivity to grazing
and human activities which have a major impact on land
degradation and desertification (Figure 3E).

Slope Aspect, the Hodna watershed being an
endorheic basin presents a varied topography with the
Tellian Atlas to the north and northeast and the Saharan
Atlas to the south, surrounding a flat area known as
Hodna Chott. By observing the map (Figure 3F), it is
noticeable that most areas in our basin face south,
southeast, and southwest, indicating higher sun intensity.
These areas experience greater stress in terms of
moisture and biomass production, leading to
desertification, as suggested by the slight violet hues.

Water erosion makes the soil vulnerable when the
rate of soil loss is greater than the rate of the soil-forming
process causing a progressive land degradation leading to
a fragile ecosystem and subsequently to desertification
(Lopez-Bermudez, 1990). The result of our RUSLE soil
erosion map (Figure 5) of the Hodna watershed is
consistent with the result of (Djoukbala et al., 2022)
showing lowest soil loss rate by water is less than 50
ton.ha™l.yr~lin most of the area, we can attribute
that to the combination of low LS-factor (Figure 4B) as it
gets as low as “3.18” areas with low values are
predominantly flatter regions with minimal flow
accumulation indicating reduced vulnerability to erosion
and the low rainfall erosivity R-factor (Figure 4E) at the
value of 116.7 MJmm ha 1.h™1.yr=! mainly in the
South-Est part of the basin. The highest soil loss rate by
water exceeds “700 ton. ha™1.yr~!” concentrated in the
high altitudes of the basin and correlated with high
values of the LS-factor which reveals apparent patterns
related to the hydrology and topography of the region,
high values are observed along steep slopes and
important drainage channels indicating areas with
significant erosion potential, these regions align
concentration of water flow and the steepness of the
terrain as well as the R-factor. wetter regions with steep
topography induce more surface runoff, transporting
away the soil particles dislodged by the transfer of the
kinetic energy of raindrops which is the primary physical
agent of erosion (Verstraete & Schwartz, 1991).
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In addition to that, the soil erodibility K-factor (Figure
4D) standing for the erosion susceptibility and the rate of
surface runoff which in our case ranges from 0.1054 to
0.1693 with values between 0.1054 and 1200 falling into
the low category and depicted by the orange and yellow
colors, values from 0.1200 to 0.1400 are classified as
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P Factor (F)

moderate while values ranging from 0.1401 to 0.1693
indicating higher susceptibility represented as a gradient
of green and blue . most of our region of interest is falling
within the moderate and high rates exacerbated by the
low rates of P-factor (Figure 4F) conservation practices
and the C-factor (Figure 4A) cover management.
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Figure 5: RUSLE Soil Erosion Map of the Hodna Watershed

Wind Erosion physically removes the fertile topsoil
affecting land productivity with the soil erodibility known
to be the primary cause for that phenomenon (Skidmore,
1994), in our study area the wind erosion susceptibility
map (Figure 7) shows that 67% of the Hodna basin is
undergoing a very slight susceptibility due to the low
wind erodible fraction shown in the map (Figure 6C)
where it has only high values West and North-West
because of the prevailing winds in the Hodna basin is
blowing in that same direction (Boureboune &
Benazzouz, 2009) also the low climate erosivity factor
(Figure 6A) being high only around Chott El Hodna at the
center and from there extending to the south while the
rest of the basin is mostly low highlighted with blue color
to moderate green and then yellow approaching to the
center towards the south. Only 2% of the total surface of
the basin have a high susceptibility to wind erosion
located in elevated areas where the wind erodible
fraction is high and the wind velocity there is greater
compared to near-surface one. Whereas 31% of the total
area of the basin is having slight to moderate
susceptibility to wind erosion mainly due to the fact that
all the contributing factors in these areas implies more
tendency towards more wind erosion susceptibility, that
portion of the basin have a low soil crust CS factor (Figure
6E) making the soil less compact and mechanically
instable and the fraction of vegetative cover FVC (Figure
6D) is negative which represents the two main protecting
layers against wind erosion.
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Surface ridges as shown by the surface roughness
map (figure 6F) are not very present in our basin based
on the nature of its relief where it is mostly flat except for
the high-altitude areas of the basin extending from Est to
West towards the Hodna mountains and South on the
Atlas Saharan chain, flat surface ridges mean lesser effect
on reducing wind energy and dissipating wind erosivity.
The land use land cover map compared to the wind
erosion susceptibility map shows that Built-up areas and
grasslands are the most sensitive areas to wind erosion,
the built-up areas due to the human activities and the
grasslands are highly influenced by and vulnerable to
wind erosion (Zou et al., 2021).

“NDVI” Normalized Difference Vegetation Index
(Figure 8A) negative values represent water bodies while
Rocks, sands and built-up concrete surfaces gets close to
zero and positive values ranging from 0.1 to 0.5 represent
sparse vegetation and forests are higher than 0.6 (Jones
& Vaughan, 2010) for our area of interest the NDVI is
ranging from -0.18 to 0.55 where more thant 85% of the
basin have a very low vegetative cover or is a barren soil
as it is the case at Chott El Hodna where we can find the
lowest values as the NDVI highlights the amount and
vigor of that vegetation. There’s no dense vegetation
since the highest value is only 0.55 which represents
croplands, shrubs,grasslands and a sparse cover of cedar
trees at the eastmost of the basin around the region of
Batna’s province up until the Maadid range north-east
Msila’s province and around 35 hectares of Pine and Oak
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trees located south in Boussaada at the “mountain of crucial role that it plays such as reducing raindrop splash
Messaad”. A low vegetative cover makes our basin more  effect,  improving  topsoil  organic = matter,soil
vulnerable and susceptible to desertification and could stability,water holding capacity, hydraulic conductivity
be interpreted as a desertification’s onset due to the and reducing surface runoff (Kosmas et al., 1999).
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Evapotranspiration (Figure 8B) is ranging from 16.83
Kg/m?8days to more than 25.88 Kg/m?%8days where the
lowest values are in the northmost part of our basin and
the higher values are in the southmost and south-east
part, in this case the lowest evapotranspiration losses
does not occur in the drier south part where the average

annual precipitation is under 250 mm.yr~!, knowing
that the climatic  conditions  affecting  the
evapotranspiration are: humidity, wind speed, air

temperature and solar radiation (Allen et al., 1998) and
with the highest levels of evapotranspiration occurring in
the south of our basin this could be explained by the
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amount of solar radiation, where based on our slope
aspect map the highest values are found in the center at
the saline lake Chott El Hodna towards the southmost
and south-east parts being prone to more solar radiation,
in addition to that we can relate to the drainage density
map where the areas with moderate to higher drainage
density have higher values of evapotranspiration, a
network of shallow wadis that are sensitive to climatic
variations because shallow surface waters are more
susceptible to climatic pattern changes (Musy, 2005).
“NDSI” Normalized Difference Salinity Index (Figure
8C) shows that our basin is highly affected by salinization



Mapping desertification susceptibility in the Hodna watershed Algeria, using a remote sensing-based logistic regression

except for the elevated areas with a dense vegetative
cover and the agricultural lands, soil salinization is mainly
a soil degradation process exacerbating desertification in
plain areas and lowlands undergoing poor drainage
conditions (Kairis et al., 2022) which is the case for our
basin especially in Chott el Hodna, an endorheic salt lake
fed by the wadis flowing from the Atlas Tellian North,
wadis that frequently overflows and salinize the soil once
evaporated due to rainfall irregularities.

LST Land Surface Temperature (Figure 8D) obtained
from the Landsat 8 OLI/TIRS during the month of August
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approach

2018 where we assumed there will be higher
temperatures to be recorded during the year, it is ranging
from 44.19° up to 75.54° which is extremly high due to
the low soil moisture and the excessive solar radiation
characterising arid and semi-arid regions and highlighted
by the slope aspect for our study area especially in the
middle barren area of Chott El Hodna extending to the
West with the lowest values only on elevated areas with
North-facing slopes.
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In the southern part of the watershed, despite the
presence of areas characterized by low Land Surface
Temperature (LST) there is significant water vapor loss
through evaporation emphasized by the high mean
annual potential evapotranspiration (PET), such condition
could be explained by the local topography and the
vegetative cover which favors substantial moisture levels
since the area is the forest of Djebel Messaad of
aproximately 33500 Hectares with mainly Pine and Oak
trees and a culminating mountain peak of Djebel Fernane
at 1680 meters above sea level.

Human Influence Index Map HIl (Figure 9D) scores
range from a minimum of 4 indicating less human
influence to a maximum of 50 reflecting a greater degree
of influence with 43% of the total basin having a
considerable index which represents mainly important
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urban settlements being the most densely populated
municipalities (most of the municipalities of Bordj Bou
Arreridj province North, Msila at the center with Ouled
Derradj and Souamaa, Boussaada and Ain Melh South,
Sidi Aissa and Chellalat El Adhaoura West and
Barika,Taxlent, N’gaous, Merouana East a part from
Batna’s Province) having more than 100 habitants per
Km?, these urban settlements are also within 15 Km of
major roads or less and 2Km from railroads and with
sufficient night-time stable lights brightness to be
detected by satellite.

Livestock (Figure 9E) is very high up to more than
10000 heads per square Kilometres in major part of our
basin between the Atlas Tellian and the Atlas Saharan in
the Algerien steppes known for being the typical place of
livestock breeding and grazing with most of the national
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herd, on the North at the piedmont of the Atlas Tellian in
Msila’s province and its surrounding municipalities such
as El Maadid and Hammam Edalaa and from there
extending to the West and South of the Chott El Hodna
expanding towards the Atlas Saharan.

Predicted susceptibility map of desertification

After several tests, the natural breaks classification
method proved to be the most suitable for mapping
desertification susceptibility, mainly because it is a form
of variance-minimization classification where breaks are
usually uneven, and features are divided in a way that
classes boundaries are set depending on large changes
occurring in the data values (Longley et al., 2007).
Ranging from 0 to 1 the desertification susceptibility
raster was divided into five classes (Safe, Low, Moderate,
High and Very Hight) susceptibility as shown in (Figure
10) 13.2% of the total area designated to be safe, low and
moderate susceptibility zones represent 20.3% and 21%
respectively, high and very high susceptibility zones
constitutes 25.4% and 20% respectively.

Discussions

Predictive Factors

Based on previous studies and literature we selected
thirteen predictive factors presumably appropriate for
predicting desertification, we obtained a raster map for
the zones with a certain degree of susceptibility to
desertification ranging from safe to very high sensitivity.
The resulting map is acceptable as the predicting model
went thru several statistical evaluations for both the
quality of prediction and its stability, starting with the p-
value seven out of thirteen of the predictors have a p-
value < 0.05 therefore they are statistically significant and
a remaining of six predictors with a p-value >0.05
bypassing the significance threshold doesn’t necessarily
imply that these are not good predictors it could be due
to the fact that these predictors has been emphasized
already in other parameters by the model to avoid
double consequences or they have a little impact on the
desertification. After that instead of interpreting the
logistic model coefficients we’ve calculated the odds ratio
as its interpretation is preferable it displays the constant
effect of the predictive factors, based on the odds ratio
estimated it was obvious that the NDSI, NDVI and Wind
Erosion with odds ratio of 2.10e+002, 1.84e+02 and
7.34e+00 respectively plays a major role on the likelihood
that desertification will occur but it is noteworthy that
the values of the odds ratios for the NDSI and NDVI might
be overestimated and that could be explained by the fact
the training dataset used the NDVI anomalies which also
uses the red and near-infrared bands as the NDVI and
NDSI and to address this issue of that possible degree of
multicollinearity or correlation we used the Tolerance
and VIF indicators, with Tolerance above 0.04 and VIF
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below 2.5 meaning that multicollinearity is not a
significant issue here and we recommend further
investigations or alternatively taking in consideration if
available the use of desertification dataset that is less
correlated with the NDVI and NDSI than NDVI anomalies.

As for the multicollinearity diagnosis, the tolerance
values are above 0.4 and VIF values are below 2.5 which
is are acceptable thresholds meaning that
multicollinearity is not an issue except for the Slope
variable with a tolerance and VIF equals 0.3969 and
2.519 respectively which indicates that it might be
correlated with other variables in the model, however
there are some variables with tolerance values above the
conventional threshold 0.4 but lower than 0.5 such as
Elevation, Water and Wind erosion which might be
moderately correlated with other variables in the model.

Slope aspect has positive coefficient estimate of
7.610e-04 and a p-value of 0.39625 suggesting that it is
statistically significant but with an odds ratio of 1.00
implying negligible or no relevant changes occurring
which could be translated to a weak association due to
the fact that Aspect highlights the amount of solar
radiation impacting vegetation growth and soil moisture
therefore desertification likelihood, that influence of the
Aspect could have been already mediated in LST or
Evapotranspiration. The Slope aspect has a negative
effect on the biomass as it represents the angle and the
duration of the sun’s rays impact on the soil’s surface
with higher evaporation and erosion rates, slower
vegetation regrowth for the south, south-eastern and
south-western facing aspects (Kosmas et al., 1999).

Slope gradient has a positive coefficient estimate of
0.01553 but a p-value 0.617 over the threshold
suggesting that the variable is not statistically significant
in the prediction of desertification and with an odds ratio
of 1.02 there is almost no changes occurring, it could be
explained by the fact that the major role of the slope in
the erosion process could have been already emphasized
by the other variables such as water erosion, in the other
hand the main socio-economic factors occur in low slope
areas as abrupt slopes limits anthropogenic access and
activities and the fact that our basin is an endoreic flat
depression with more than 85% of its area under 8° slope
angle.

Elevation has a negative coefficient of -4.284e-03
indicating higher elevation areas are less susceptible to
desertification, high altitudes tend to have cooler
temperatures and more rainfall which is the case for our
basin nevertheless the erosion processes shouldn’t be
neglected, with a statistical relevant p-value of 1.64e-15
and negligible occurrence with an odds ratio of 9.96e-01
that can be translated to a one-unit increase in elevation
decreases the desertification probability by 0.4%, a weak
relationship due to the fact that it could has been already
emphasized in another variable such as TPI.

Topographic position Index TPl has a positive
coefficient estimate 0.02442 meaning that higher TPI
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values are correlated with slightly high desertification
probability, it should be oppositely correlated as areas
with higher TPl are generally hilltops and ridges they
have more tendency for water availability and soil
moisture retention supporting the vegetative cover
better than areas with lower TPI such as depressions with
low water and moisture retention making them
vulnerable to waterlogging and salinization increasing the
desertification probability, in our case that correlation
could be explained by the erosion processes. The p-value
of 0.24 indicating a significant association but with an
odds ratio of 1.02 implying insignificant changes
occurring.

Drainage Density has a negative coefficient estimates
-1.143e+00 and a p-value of 0.000294 suggesting that
higher drainage density is associated with lower
probability of desertification occurrence with an odds
ratio of 0.319 meaning that an increase in drainage
density is associated with a decrease in the
desertification susceptibility. That limited influence and
negative impact could be explained by the nature of that
drainage network being in an endoreic basin in a semi-
arid region with a non-permanent and irregular flow
inducing a limited impact of surface runoff and therefore
limiting the influence of the erosion on desertification, in
some other regions the drainage density could have a
positive relationship with desertification where the
potential role of surface runoff and erosion could have a
major impact on its occurrence.

The analysis suggests a weak association between
water erosion and desertification, the water erosion
coefficient -2.091e-04 is statistically insignificant, the p-
value 0.30 and odds ratio 1.00 provides no evidence that
links water erosion and desertification susceptibility.
However, the lack of a connection does not diminish its
potential role. the model might attemp to avoid
multicollinearity with factors like wind erosion,
evapotranspiration, elevation, aspect and slope by
omitting that variable’s influence. The intercation
between these variables might negate the real impact of
water erosion, to improve future studies it is important
to choose carefully the variables to prevent redundancy
so that each variable adds up unique information to the
model. Wind Erosion has a positive coefficient estimate
of 1.994e+00 meaning a one unit increase in wind
erosion increases the desertification susceptibility by
1.994 units, but based on the p-value that is equal 0.074
falling slightly above the conventional significance level
of 0.05 which does not necessarily imply weak or
insignificant association and may still indicate a
meaningful association as statistical significance does not
always reflect practical or substantive relevance and the
odds ratio of 7.43e+00 with positive coefficient and the
odds ratio suggests a positive relationship between wind
erosion and desertification probability.

NDVI has a positive coefficient estimate 5.217e+02, a
statistically significant p-value 0.014 and odds ratio
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1.82e+02 implying that an increase in NDVI is associated
with an increase in the log odds of desertification
susceptibility. However, It is known that vegetative cover
decreases with soil degradation leading to desetification
therefore NDVI should theoretically be inversely
correlated with the desertification susceptibility, a
probable explanation could be the NDVI Anomalies used
due to the lack of data as a dependent variable along
with the NDVI acting as a confounding variables leading
to biased estimates that distorts or confuses the
relationship reflecting the positive correlation and the
limitations of that alternative.

Evapotranspiration coefficient estimate is 2.538e-05
very close to zero with an odds ratio of 1.00 and p-value
of 0.68 suggesting that this variable is not statistically
significant, the PET raster has undergone a resampling
process to align with the 30m resolution of the other
layers to facilitate consistent spatial analysis it does not
improve its accuracy and we aknowledge this limitation
which could be one of the reasons that this variable is
not statistically relevant. it could also be that this is not a
good predictor or that its effect has already been
mediated by another variable such as LST.

NDSI coefficient estimate is 5.346e+02 implying an
increase in NDSI is associated with an increase in
desertification susceptibility with an odds ratio equal to
2.10e+02 and a statistically significant p-value of 0.013.

LST coefficient estimate is 3.188e-01 indicating that
the cooler the area is the less susceptible to
desertification but with a slight effect as the coefficient is
close to zero with statistical evidence of the association
having p-value equal 6.02e-07 and odds ratio equal 1.27
meaning that for a one unit increase in the LST the odds
of the outcome increase by a factor of 1.27.

Human Influence Index coefficient estimate is very
small in the order of 3.526e-02 indicating a slight
correlation with the desertification susceptibility and a p-
value equal to 0.02 implying statistical significance
however the odds ratio of the order of 1.04 indicating no
relevant changes occurring, a possible explanation for
that is that developed areas with high human activities
could exacerbate the desertification susceptibility but it
also could mitigate its effect if the adequate preventing
actions and resources are implemented, however it is a
complex relationship and a possible alteration of the
variable contribution to the model cannot be neglected
since the variable uses the land use land cover layer same
as the wind erosion.

Livestock coefficient estimate is very close to zero
9.653e-05, for a one unit increase in livestock the
changes occurring are negligible even though the p-value
of 0.08 and odds ratio of 1.00 indicate no significant
correlation with the desertification susceptibility, several
reasons could explain that, it is possible that the livestock
didn’t capture well the grazing intensity which is in a
direct relation to desertification or simply because it have
been mediated by other variables such as drainage
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density, elevation or the human influence index as these
are closely related to food and water availability.
However its important to mention the limitations of the
spatial resolution for that variable as the resampling
process could induce inaccuracies or loss of details,
similarly the discrepancy of the temporal resolution
might affect the results and interpretations.

Desertification susceptibility Map

To conduct a qualitative and quantitative assessment
of our desertification susceptibility map, we compared
our probabilistic results with those from other studies on
desertification sensitivity in the same region. Although
their methods and factors differ from ours, we used the
study by Boudjemline & Semar (2018) and Alliouche &
Kouba (2023) applying the MEDALUS model (Kosmas &
Ferrara, 1999), and Benslimane et al. (2009) using MODIS
for Algeria, which includes our area of interest. We began
with a visual analysis for qualitative comparison due to
the lack of spatial data in these studies. Overall, our map
aligns with their findings in the northern Tellian Atlas,
particularly from the northeast to the northwest,
including the Guetiane and Boutaleb mountains, the
Mansoura mountain north of Hammam Dalaa province,
up to the Dirah mountain north of Sidi Aissa province. To
the east, it includes the Refaa mountain, and to the
south, the Messaad and Fernane mountains, which form
the northern part of the Saharan Atlas. These areas
exhibit sensitivity levels ranging from safe to low,
influenced by their topography, as the terrain plays a
major role in precipitation, temperature, and wind
patterns on the windward and leeward sides of the
mountains, thereby affecting vegetation.

Regions at the piedmont of the mountains such as
Sidi Aissa and Hammam Dalaa north, N'gaous and Sefiane
East and Ain El Melh south have a moderate sensitivity to
desertification followed by the regions that are flat
extending towards the depression of "Chott El Hodna"
having a high sensitivity to desertification such as M'sila,
Magra, Barika, BenSrour, Boussada, Ain El Hadjel and the
south of Ain El Melh.

For the quantitative analysis, we will use the study by
Boudjemline & Semar (2018), as it focuses on the same
region of interest ensuring an accurate and meaningful
comparison. The study used factors similar to our model
and classified desertification sensitivity into four
categories: absent, low, moderate, and high. In contrast,
our study classified desertification sensitivity into five
categories. For the purpose of this comparison, we will
assume that the 'high' and 'very high' categories on our
map correspond to the 'high' category in their results. It
turns out that the percentage of areas classified as safe is
13.2%, which is lower than the value mentioned in the
previous study, 20.28%. Additionally, the percentage of
high sensitivity on our map is 20.3%, which is higher than
the value indicated in the other study, 10.48%.
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The proportion of the land that have a moderate
sensitivity is 21% while the value reported by the
previous study is 50% and the proportion of the high and
very high sensitivity is 25.4% and 20% making together a
45.4% which is greater than the high sensitivity value
reported by (Boudjemline & Semar, 2018) of 17.42%,
these noticeable differences could be explained by the
fact that this study used a different amount of variables
nevertheless there could be another explanation, we can
observe by comparing the values of the different classes
that the absence and moderate classes of the sensitivity
in the first study when compared with the safe and
moderate classes of our study has decreased while the
low, high and very high classes sensitivity proportions of
our study have increased, it could be explained by the
fact that the timespan between the two studies was
enough so that an exacerbation of desertification
sensitivity in the Hodna watershed happened due to the
climate change, precipitation scarcity and the anthropic
pressure expansion. (Boudjemline & Semar, 2018) results
used the precipitation data from 2014, the population
density data of 2008, Landsat TM satellite image of 2009
and the map of the bioclimatic floors by FAO in (1972)
while all the data we used are from 2018 and above.

Conclusions

The desertification susceptibility map of the Hodna
watershed shows that most of it is prone to
desertification hazards and land degradation as more
than 40% of its area is subject to high and very high
susceptibility while only 13.2% is considered to be safe
and moderate to low susceptibility represents 20.3% and
21% respectively.

Furthermore, factors such as wind erosion, NDVI and
NDSI which are more closely related to vegetation, land
cover, and climate, also correspond to geomorphological,
environmental, and soil factors are the most influential
variables for our study area, while the least influential are
the socio-economic factors. In addition, the reliableness
of our model was validated by the area under the ROC
curve showing good accuracy with 0.760 referring to a
predictive accuracy of 76% also passing the uncertainty
tests confirming the validity of the prediction, proving
that the logistic regression is a practical tool in assessing
the presence or absence of desertification. In our work,
we simply identified the areas sensitive to desertification
with an original contribution including variables that
weren't adopted in previous studies for that region as
wind and water erosion in detail not just as soil erosion
and using NDVI anomalies to compensate for the lack of
desertification data, providing an updated map of areas
susceptible to desertification in an important watershed
in Algeria for a better decision making process, however
we recommend using numerical analysis of the
contribution of each variable for a more precise selection
as there are variables that we were certain of their
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contribution but in the study, they were non-significant,
especially for the socio-economic factors which highlight
the necessity of finding other ways to grasp their effect
for a better hazard assessment.
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