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Abstract  25 

Wind erosion is one of the most severe environmental problems in arid, semi-arid and dry 26 

sub-humid regions of the planet. This dissertation aimed to identify areas sensitive to wind 27 

erosion in northeastern Algeria (Wilaya of Tebessa) based on empirical model using analytic 28 

hierarchy process (AHP), fuzzy analytic hierarchy process (FAHP) approaches, and geomatics-29 

based techniques. Sixteen causative factors were used incorporating meteorological, soil 30 

erodibility, physical environment, and anthropogenic impacts as main available inputs in this 31 

approach. Weighted linear combination (WLC) algorithm was used to combine all standardized 32 

raster layers. Area under curve (AUC) value equal 0.96 indicate an excellent accuracy for the 33 
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proposed approach. Globally, wind erosion risk increase gradually from the north to south of 34 

the whole area. Besides, it was found that areas with slight, moderate, high, and very high 35 

covered 9.65 %, 25.83 %, 24.30 %., and 40.22 %, respectively of the total. Our results 36 

highlighted the potential of additive linear model, and free available medium resolution multi-37 

source remote sensing data in studying natural hazards and disasters mainly under data-scarce 38 

or areas of difficult access in developing countries. In addition, restoration and re-vegetation 39 

activities of sensitive areas at high risk of wind erosion represent a challenge for researchers 40 

and decision-makers. 41 

 42 
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 44 

Introduction 45 

Soil is essentially a non-renewable resource on the human time scales. It is dynamic is 46 

prone to rapid degradation depending on land misuse and soil mismanagement (Blanco and Lal, 47 

2008). Among the different erosive processes acting on the surface of the earth, wind erosion 48 

or desertification caused by wind erosion and aeolian processes is one of the environmental 49 

problems in many parts of the world (Panagos and Katsoyiannis, 2019). Specifically, wind 50 

erosion affecting mostly arid, semi-arid and semhumid areas in the world because of limited 51 

vegetative cover and harsh climate (Ravi et al., 2011). In fact, wind erosion is a process of wind-52 

forced movement of soil particles by removing soil from one place and depositing it in another 53 

(Zheng, 2009). Overall, its occurs when the force of wind exceeds the threshold level of gravity 54 

and cohesion of the soil particles at surface (Goudie and Middleton, 2006). Generally, there are 55 

three different phases during wind erosion process; (i) initiation of the soil particle movement 56 

(detachment or deflation), (ii) soil particle transportation (suspension, saltation and surface 57 

creep), and (iii) deposition of soil particles. Collectively, wind erosion is the result of complex 58 

interactions of many factors, the most sensitive parameters influencing wind erosion include 59 

atmospheric conditions (e.g. wind intensity, precipitation and temperature), soil properties (e.g. 60 

soil texture, composition and aggregation), land-surface characteristics (e.g. topography, soil 61 

surface water content, roughness, and vegetative cover) and land use/land change practice (e.g. 62 

anthropogenic and agricultural activities) (Shao, 2008). As result, wind erosion had significant 63 

effects on soil, plant and human life in numerous ways by reducing soil fertility, affecting plant 64 

emergence, quality and yield, and increasing air pollution. Furthermore, it is one of the 65 

processes leading to desertification (Hong et al., 2020). Here, understanding the spatiotemporal 66 



aeolian processes is extremely important in the process of planning and management of natural 67 

resources for both scholars and policymakers.  68 

Recently, wind erosion represent the major cause of the world land degradation in arid and 69 

semiarid. On a global scale, wind erosion damaged an estimated 5.05 million/km2, accounting 70 

for 46.4 % of world degraded land . At the continental scale, Africa having the maximum size 71 

for wind erosion areas with 159.8 M ha. It is followed by Asia with 153.1 M ha, and then 72 

Europe, North America, and America with 38.7 Mha, 37.8 Mha, 26.9 Mha, respectively, and 73 

finally Australasia with only 15.9Mha. Within Africa continent, the Great Sahara (largest hot 74 

desert in the world), occupies ~ 30% of African continent total surface area. It covers ten 75 

countries including Algeria. It stretches in length for approximately 5,600 km from the atlantic 76 

coast to the shores of the Red Sea. In prior research, dust-source areas in North Africa are not 77 

fully consistent in the previous studies. Actually, Algeria and Niger are one of the main four 78 

major source areas for the dust in North Africa (Ravi et al., 2011). In Algeria country, dust 79 

source is located between chott melrhir (Algeria) and  chott Jerid (Tunisia). Consequently, high 80 

dust concentration occurs principally at the south of the Algerian saharan atlas region (Shao, 81 

2008). As result, about 20 Mha are threatened by wind erosion in Algeria (Bensaïd, 2006). 82 

Covering a total area of 20 million ha, Algerian steppes are the most 83 

widely distributed rangeland types in the North African countries (Hirche et al., 2011). In 84 

Algeria, change in climatic and soil conditions make the steppe a fragile environment. 85 

Unfortunately, about 600 000 ha of Algerian steppes have been degradation by wind erosion 86 

(Bensaïd, 2006).  87 

Wind erosion phenomenon is complex process and cannot be directly measured soils losses at 88 

a field scale (Webb et al., 2009). To assess wind erosion land susceptibility, there are numerous 89 

empirical wind-erosion modelling, change in its complexity, input data required, model outputs 90 

elaborated, and their application scales, such as, Wind Erosion Equation (WEQ) (Woodruff and 91 

Siddoway, 1965), Wind Erosion Prediction System (WEPS) (Hagen, 1991), Agricultural 92 

Policy/Environmental eXtender (APEX) (Williams et al.,1995), Revised Wind Erosion 93 

Equation (RWEQ) (Fryrear et al., 1998), Texas Erosion Analysis Model (TEAM) (Gregory et 94 

al., 1999), Wind Erosion on European Light Soils (WEELS) (Böhner et al., 2003), Single-event 95 

Wind Erosion Evaluation Program (SWEEP) (Tatarko et al., 2019). In recent years, new 96 

techniques have been used to evaluate wind erosion vulnerability. For instance, fuzzy logic 97 

(Saadoud et al, 2018; Yang et al. 2021), Bayesian Belief Network (BBNs) (Kouchami-Sardoo 98 

et al., 2019), Artificial Neural Networks (ANNs) (Huang et al., 2006), Bivariate Statistical 99 

models (Ettoumi et al., 2003), Analytic Hierarchy Process (AHP) (Yu et al., 2011), and 100 

https://www.asprs.org/wp-content/uploads/pers/2000journal/june/2000_jun_777-782.pdf


Fuzzy C-Means Clustering (FCM) (Shi et al., 2010). Indeed, AHP and hybrid Fuzzy Analytic 101 

Hierarchy Process (FAHP) are widely used for complex decision making problems and model 102 

prediction by both decision makers and scholars due to its nature to make the best optimal 103 

decisions possible compared to other Multi Criteria Decision Making (MCDM) methods  104 

(Shapiro and  Koissi, 2017).  105 

Modelling wind erosion hazard can provide useful tools to researchers of erosion process and 106 

factors, land users, technical experts, and policy makers for better understanding of this 107 

phenomenon as well as play a crucial role in developing successful strategies and sustainable 108 

planning and management in land rehabilitation and wind erosion control projects. Indeed, 109 

quantifying the wind soil erosion hazard using the existing models (WEQ/RWEQ, WEPS, 110 

APEX…etc.) requires precise data with complex structures on a very fine scale.  Besides, the 111 

choice of a model should be adapted with limited available inputs data influencing wind erosion 112 

phenomenon. Here, availability of these data represent a challenge in developing countries, due 113 

to lack of resources and poor infrastructure for continuous monitoring of environmental 114 

variables. Furthermore, most of these models are designed to estimate wind erosion risk at a 115 

local scale, as well as, it’s scaled up into a regional-scale still discutable and not fully consistent. 116 

Against this background, the aim of this dissertation is: (i) the quantitative estimate of the wind 117 

erosion vulnerability at a regional scale in the whole area of Tebessa (NE Algeria) using WLC 118 

algorithm ,AHP, fuzzy AHP (FAHP) approaches, GIS, and remote sensing techniques (ii) to 119 

prove the potential of using available medium resolution multi-source remote sensing data for 120 

monitoring and assessing natural hazard, (iii) to provides scholars, policy makers, planner,  and 121 

expert of environment specialist an accurate maps of wind erosion sensitivity, in order to adopt 122 

the best strategies in land restoration and wind erosion control programs.   123 

 124 

Materials and Methods 125 

Study area 126 

Geographically, the study area (Wilaya of Tebessa) is located at northeastern of Algeria, it 127 

stretches within northern latitudes of 35°10′to 35°22′and eastern longitudes of 7°13′ to 7°55′, 128 

covering a total area of ~ 13,261 km2  (Fig.1a). Administratively, it incorporates 28 129 

municipalities. The elevation of the area ranges from – 1 and +1713 above sea level. The study 130 

area has a semi-arid Mediterranean climate (Fig. 1b). According the ombrothermic diagrams of 131 

Gaussen and Bagnouls, the dry season lasts five  months a year (Fig.1c),  with hot and dry 132 

summers (average annual temperature =15.84 °C) and mild winters with low rain (mean annual 133 

rainfall=379.77 mm).  The hottest month is July (27.26C°), while the coldest month is January 134 



(6,47C°). The wettest month is September (43.41 mm), while the driest month is July (14.37 135 

mm) (Djellab et al. 2019). Annual wind speeds are weak to moderate (from 0.34 to 10.57 m/s) 136 

(Fig. 6f). Seasonally, the high wind speeds values are recorded in spring season. In fact, the 137 

most frequent surface winds blow mainly from the North and Northwest (46 %) bringing rain 138 

during the wet season, and soften the climate by reducing hot weather during the summer 139 

months, although other wind directions are southeast and southwest (32%), this winds called 140 

sirocco are hot and dry and blows from the Sahara to the north in summer period (Seltzer, 1946). 141 

In fact, the areas represent the mountain morphologies (Aurès Nemamcha Mountains in the 142 

north of wilaya) act as barriers in the way of sirocco wind, which make the north of Wilaya not 143 

very exposed to this wind type. Additional to the livestock farming of sheep, agriculture is the 144 

main human activity with ~ 27.7% of the whole area (irrigated and rainfed crop cultivation). 145 

The naturel vegetation is dominated by steppe type with 30%. Six main soil types are 146 

distinguished in the study area—calcic, calcareous, basic alluvial, saline soil, and aeolian soil 147 

of ablation. The lithological formations can be subdivided into four groups according to their 148 

friability—very resistant materials (limestone and dolomite); resistant materials (Friable 149 

limestone); vulnerable materials (marls, conglomerates, and sandstone); and very vulnerable 150 

materials (alluvium, alluvium sand, and limestone crust) (Mihi et al., 2020). 151 

 152 

Input data  153 

The most important step for modelling data is to choose the appropriate existing factors that 154 

could be adopted in multi criteria decision analysis (MCDA). In our study, it is almost 155 

impossible to consider the entire database for the establishment of the sensitivity map because 156 

the criteria involved in the wind erosion phenomenon are innumerable and make its modelling 157 

very delicate, as well as, availability of input required data to use in the model represents also 158 

a limiting factor in the multi criteria analysis process. To overcome the problem of data scarcity, 159 

it is necessary to select only the relevant criteria for the analysis. To address these needs, the 160 

contributing factors chosen to wind erosion hazard modelling include anthropic pression, soil 161 

proprieties, physical environment (vegetation cover, and extent of sand movement), and 162 

climatic parameter (wind speed and aridity index). The data used in this study were collected 163 

from multi-source datasets (remote sensing images from satellites), existing digitized data in 164 

the form of GIS vector maps, government statistical data, and data from the past studies or field 165 

surveys of the study area: (1) Four Landsat 8 OLI images were used to build mosaic image for 166 

the year 2014 (path/row 192/35, 192/36, 28/45, 193/35 and 193/36) with a spatial resolution of 167 

30 m. All four images were acquired in august month because cloud cover (CC) is less important 168 



during summer period (CC< 2%). According to Afrasinei et al. (2017), only Landsat image 169 

with less than 10% CC can be used in such study. All Landsat images were sourced from the 170 

USGS Landsat archive (L1T) available at http:// glovis.usgs.gov; (2) Shuttle Radar Topography 171 

Mission (SRTM) data were used to extract the slope, at 1arc-second resolution (30m) 172 

(http://gdem.ersdac.jspacesystems.or.jp); (3) total annual precipitation (mm) and mean annual 173 

evapotranspiration (mm) at ~5-km-pixel resolution for 10 years (2009–2018) obtained from the 174 

FAO Water Productivity Open-access portal (WaPOR version2) available at 175 

https://wapor.apps.fao.org;(4) characteristics of the soil, namely, clay percentage silt 176 

percentage, sand percentage, organic matter content were acquired from the Soil grid database 177 

(http:// soilgrids.org/); (5) mean wind speeds (m/s)  for the period 2008-2017 were downloaded 178 

from the Global Wind Atlas website (http://globalwindatlas.info); (6) statistical data on 179 

population, agriculture, and grazing during the year 2015 were compiled from directorate 180 

general for agriculture (DGA), and spatial planning department (SPD) . All raster parameters 181 

cited above were resampled according to the 30× 30 m pixel resolution, and vector layers were 182 

prepared at a scale of 1:60,000 (equivalent to 30-m resolution), then converted from vector to 183 

raster. Then, all thematic layers were projected to the Universal Transverse Mercator (UTM) 184 

Projection zone 32 north with the datum World Geodetic System (WGS) 1984. Since input data 185 

has an accumulated effect, the factor that negatively correlated with the others factors must be 186 

inversely regrouped. 187 

 188 

Calibration 189 

Radimetric calibration (radiometric normalization) is essential step to produce 190 

homogeneous multitemporal Landsat datasets. For that reason, Top-Of-Atmosphere (TOA) 191 

reflectances was a simple radiometric correction procedure with good results (Vicente-Serrano 192 

et al., 2008). To do this, a precise conversion of the DN values to TOA reflectance for OLI 193 

bands is possible using the reflectance rescaling coefficients provided in the product metadata 194 

file of OLI band data (Zanter, 2016). In the first step, TOA reflectance without sun angle 195 

correction was computed using the following equation (formula (1)): 196 𝑝𝜆′ =  𝑀𝑃 ∗ 𝑄𝑐𝑎𝑙 + 𝐴𝑝         (1) 197 

Where: ρλ' =TOA planetary reflectance, without correction for solar angle. Note that Pλ' does 198 

not contain a correction for the sun angle, Mρ= band-specific multiplicative rescaling factor 199 

from the metadata, Ap= band-specific additive rescaling factor from the metadata, Qcal = 200 

quantized and calibrated standard product pixel values [DN]. In the second step, TOA 201 

reflectance corrected for the sun angle (Formula (2)): 202 

http://gdem.ersdac.jspacesystems.or.jp/
https://wapor.apps.fao.org/catalog/WAPOR_2/1/L1_LCC_A
https://wapor.apps.fao.org/catalog/WAPOR_2/1/L1_LCC_A
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/
https://globalwindatlas.info/


𝑝𝜆 =  𝑝𝜆′/ cos(𝜃𝑆𝑍)          (2) 203 

Where: ρλ = TOA planetary reflectance, θSE = local sun elevation angle. The scene centre sun 204 

elevation angle in degrees is provided in the metadata, θSZ =local solar zenith angle where; 205 

θSZ= 90° − θSE. 206 

 207 

Preparation of data layers 208 

Anthropic pressure on the steppe environment (APSE) 209 

A long history, increase of anthropic pressure has triggered the accentuation of wind erosion 210 

processes in semiarid and arid region over the world. Here, extention of crops, excessive tillage, 211 

overgrazing, misuse of water resources, deforestation (wood cutting) can be directly destroyed 212 

the natural vegetative and hence accelerated wind erosion, therefore, human activities are one 213 

of major factors in wind erosion risk assessment (Ge et al., 2015). The parameters used to 214 

determine APSE in this study are distance to urban area (DUA), distance to roads (DR), slope 215 

gradient (SG), Livestock density (LD), Population density (PD), and Farmland presence (FP). 216 

All the mapped inputs data ware reclassified according human impact characteristics. 217 

Meanwhile, areas having more anthropic pressure are considered as optimal for wind erosion 218 

occurrence.  219 

1. Distance to urban area and to roads: urban area and road network were obtained by 220 

digitization of Landsat image. After rasterization, Euclidean distance method was applied 221 

(Distance module in IDRISI Kilimanjaro GIS software) to compute distance to urban area 222 

(DUA) and to roads (DR) (Table 5). DUA are grouped into 4 classes, namely: very close (<500); 223 

close (500-1000); nearby (1000-1500); and distant (>1500m).While, four buffer classes are 224 

defined at 150-m interval for DR parameter: very close (<150); close (150-300); nearby (300-225 

350); and distant (>350m). Generally, anthropic pressure decreases with increasing distance to 226 

urban area and to roads. 227 

2. Slope gradient: slope degree map was prepared from the DEM and classified into four 228 

different classes as shown in Table 5: nearly level (< 5); (2) gently sloping (6–15); (3) strongly 229 

sloping (16–35); and (4) steep to very steep (> 35°). Overall,  areas with a less than 5 ° slope 230 

are more favourable human activity and areas where the land slope is greater than 35° are 231 

considered to be less vulnerable to anthropic disturbs. 232 

3. Livestock, and population density, farmland presence: data about farmland, livestock number 233 

(sheep, cattle, camelin, and goat), and population number for the 28 municipalities in the study 234 

area were collected from official sources (directorate general for agriculture, and spatial 235 

planning department). LD, PD, and DP area calculated by dividing the farmland, number of 236 



population, and number of livestock by the study area, respectively (Table 5). An index varying 237 

from 1 to 4 is assigned to each factor such as; Livestock density: low (0.21-0.39), medium 238 

(0.39-1.17), high (1.17-1.47), and very high (1.47-4.79 head/km2); Population density: low 239 

(0.03-0.11), medium (0.11-0.38), high  (0.38-0.73), and very high (0.73-9.98 People / km2); 240 

farmland presence: low (0.04-0.16) , medium (0.16-0.44), high (0.44-0.54), and very high(0.54-241 

0.87). To conclude, areas corresponding to farmland, with high overgrazing, and high 242 

population growth were considered the worst type of anthropic activities. 243 

 244 

Soil erodibility (SE) 245 

 Soil erodibility represent a crucial tache in understanding the potential of soils particles to 246 

be transported by wind (Webb and Strong, 2011). Wind erosion is widely controlled by the 247 

presence or absence of soil erodible particles (Mirmousavi, 2016). In this research study, four 248 

parameters were used to define the soil erodibility factor; clay, silt, sand, and organic matter 249 

content. These parameters are typically the most important ones related to soil erodibility. To 250 

ensure that all fractions were rescaled between 0 and 100 percent, the present equation 251 

developed by Hengl et al. (2017) was applied for clay, silt, sand content as follow (Formula 252 

(3)), e.g.: 253 𝑆𝑎𝑛𝑑 (%)𝑐 = 𝑆𝑎𝑛𝑑(𝑆𝑎𝑛𝑑+𝑆𝑖𝑙𝑡+𝐶𝑙𝑎𝑦) × 100       (3) 254 

Where Sandc (%) is the corrected sand content .Collectively, each one of soil proprieties used 255 

in this research were assigned with four classes (Table 5); clay content in percent: low (4-14.72), 256 

moderate (14.73-25.46), high (25.47-36.19), and very high (36.20-46.93 %); Silt content 257 

percent: low (6.95-15.21), moderate (15.21-23.47), high (23.47-31.74), and very high (31.74-258 

40 %); sand content percent: low (31.70-45.28), medium (45.28-58.85), high (58.85-72.43), 259 

and very high (72.43-86 %); organic matter content: low (0-15.63) moderate (15.63-31.26), 260 

high (31.26-46.89), and very high(46.89-62.52 %). In short, soil erodibility risk increases with 261 

increasing of sand content, and decreases whenever the clay, silt, and organic matter content 262 

increasing. 263 

 264 

Cover vegetation 265 

Density of vegetation represent the sensitivity of land to wind erosion. Presence of 266 

vegetation play an important role in controlling soil erosivity, thereby decreasing the wind 267 

erosion. In fact, soil particles held together by plant roots, allowing the accumulation of organic 268 

matter (improve soil fertility), and increase soil aggregation (Hong et al., 2020). Baumgertel et 269 



al. (2019) chose Normalized Difference Vegetation Index (NDVI) as good indicator for 270 

vegetation cover (VC) detection. The following equation was adopted to calculate the NDVI 271 

index (formula 4) (Rouse et al., 1974): 272 NDVI = (𝑁𝐼𝑅−𝑅)(𝑁𝐼𝑅+𝑅)          (4) 273 

Where: NIR = near infrared, R= visible red. NDVI values varied  between  -1  to +1, in areas 274 

of high vegetation density, NDVI was characterized by values of +0.6 to +1, barren soil 275 

represented by 0 values, whereas water corps have a negative values (Weng, 2010). Four classes 276 

of VC were distinguished according to their contribution degrees to wind erosion (Table 5): (1) 277 

water corps (-0.71-0), desert steppe (0-0.15), steppe (0.15-0.30), and forest steppe (0.30-0.88). 278 

In the present study, desert steppe was considered the worst type of vegetation cover for wind 279 

erosion risk, followed by steppe, and after that forest steppe.  280 

 281 

Extent of sand movement  282 

According to Shi et al. (2004), the most severe erosion found in areas of sand dunes and 283 

sand accumulation decreased as altitude increased, and increased whenever the wind velocity 284 

decreased. In fact, the crust index (CI) is useful for mapping and detecting soils crusts, and to 285 

discriminate between different sand dune environment, bare soil, and other soils types (Mihi et 286 

al., 2018; Mihi et al., 2019). CI index was computed based on the following equation (formula 287 

5): 288 𝐶𝐼 = 1 − ((𝑅−𝐵)(𝑅+𝐵))          (5) 289 

Where: R = blue band, B= red band. CI values changed typically between 0 and 2. Values close 290 

to 0 indicate unconsolidated soil (active and mobile sand dunes), whereas values close to 2 291 

represent stable and consolidated soil (Karnieli, 1997). Starting from CI, four 292 

lithologic/morphologic units can be defined in the study area (Table 5): unconsolidated soil 293 

(Active and mobile sand movement) (0.62-0.71), physical crust (0.71-0.78), biological crust 294 

(0.78-0.94), and crust cover (0.94-1.41). Clearly, unconsolidated soil class is most vulnerable 295 

to wind erosion, while biological crust is the less vulnerable to the phenomenon. 296 

 297 

Wind speed 298 

Wind speed, of course, is the major driving forces for wind erosion phenomenon (Lyles, 299 

1988). In reality, threshold of wind speed is about 6 m/s, but generally changes depending on 300 

size and density of material (Skidmore, 1986). Based on Beaufort scale (Ltd, 2001), wind speed 301 

map is ordered at scale form 1 to 4 base (Table 5): light breeze (1.06-3.40), gentle breeze (3.40-302 



5.50), moderate breeze (5.5-8.00), and fresh breeze (8.00-11.43 m/s). So, areas with high wind 303 

velocity are more vulnerable to wind erosion and vice versa. 304 

 305 

Aridity Index (AI) 306 

Mirmousavi (2016) noted that soil moisture decreased with the increase of drought, which 307 

is translated as increase in wind erosion risk. In this current study, Aridity Index (AI) was opted 308 

as a drought indicator and combined with other variables to create a wind-erosion hazard map 309 

(Becerril-Pina et al., 2015). AI is given by the following relationship (formula 6). 310 

 311 𝐴𝐼 = 𝑃𝐸𝑇𝑃           (6) 312 

Where P is total annual precipitation in mm and ETP is mean annual evapotranspiration in mm, 313 

where AI climatic classification is a unitless values and varies from 0 to 1 (UNEP, 1992). In 314 

this present study, AI is reclassified in two classes or climates (Table 5): Arid (0.06-0.2), Semi-315 

arid (0.2-0.35). Therefore, it is generally accepted that wind erosion frequency increases in dry 316 

or arid areas. 317 

 318 

Methodology 319 

Application of analytical hierarchy process (AHP) 320 

The methodological workflow of the study is summarized as a flowchart in Fig. 2.  Thomas 321 

Saaty introduced the AHP method in the 1970s, to decompose the problem into a multi-level 322 

hierarchical structure of objectives, criteria, sub criteria, and alternatives using pairwise 323 

comparison (PCM). In this paper, AHP approach was adopted to: (i) determine the influence of 324 

anthropogenic pressures on land degradation in the steppe area (Wilaya of Tebessa) using six 325 

factors cited above, and (ii) assess soil erodibility susceptibility starting from four parameters 326 

as mentioned earlier. Generally, this method is based on three stages (Saaty 1977; 1980); (1) 327 

model structuration, (2) determining the relative importance (weight) of each factor, and (3) 328 

application of weighted linear combination. In the first step, in order to integrate multiple 329 

factors in the model, it should make them comparable. To accomplish this task, the factors are 330 

standardized on a continuous common from 0 (least suitable) to 255 (the most suitable) through 331 

128 (moderately suitable) as shown in the following equation (Eastman 2006). (formula 7): 332 

 333 𝑌 = (Xi−Xmin)(Xmax−Xmin) × standarized range,       (7) 334 

 335 



Where Y is the normalized value of each variable, and Xi, Xmax, and  Xmin are actuel value, 336 

maximum and minimum values observed in all actual measurement, respectively. In the second 337 

step, for the weighting of the criteria we used the approach called pairwise comparisons. Their 338 

importance is determined on a numerical scale of 9 levels (Table 1); 1(equal importance) to 9 339 

(extremely more important). Reciprocals values used for the inverse relationship. Comparisons 340 

refer to the relative importance of each factor with respect to another to determine its weight. 341 

In this way, the importance of each factor is determined by the weight that it is assigned, whose 342 

sum of weights equals one. Pairwise comparison of n criteria is given in an evaluation matrix 343 

(n*n) as shown in the following equation formula 8): 344 

 345 

𝐴 = [𝑎11 𝑎12 ⋯ 𝑎1𝑛𝑎21 𝑎22 … 𝑎2𝑛⋮ ⋮ ⋱ ⋮𝑎𝑛1 𝑎𝑛2 … 𝑎𝑚𝑛] 𝑎𝑖𝑖 = 1, 𝑎𝑗𝑖 = 1 𝑎𝑖𝑗⁄ , 𝑎𝑖𝑗 = 𝑤𝑖𝑤𝑗     (8) 346 

 347 

Where, A represent judgment matrix, wi means weight for attribute ‘i’, wj means weightfor 348 

attribute ‘j’. This step is very delicate and depends mainly on nature of the problem to be treated, 349 

cultural, personality context of the judgment, and the scientific environment in which the 350 

approach will be conducted. By doing so, questionnaires were provided to 30 experts 351 

(technicians, engineers, professors, PhD students, decision makers, and  specialist is steppe 352 

region and climate science) were selected heterogeneously from universities, research 353 

institutions, government agencies; directorate general of forest (DGF), directorate general for 354 

agriculture  (DGA), and high commission for the development of steppe (HCDS). In this 355 

connection, a decision-maker must "weigh" several options before deciding on one of them, 356 

taking into account a series of criteria, which he considers more or less essential to respect. The 357 

weighting values are calculated using the WEIGHT module integrated in the IDRISI 358 

Kilimanjaro GIS software. To conclude, pairwise comparison matrix determining factor 359 

weights are illustrated in Table 4. The quality of AHP outputs strongly depends the consistency 360 

between expert opinions. Here, the consistency index (CI) and consistency ratio (CR) were used 361 

to assess the consistency of judgments as follows (Formulas (9) and (10)): 362 

 363 CI = (λ max − n)/(n − 1)         (9) 364 CR = CI/RI           (10) 365 

Where λmax and n are the largest eigenvalue and order of matrix, respectively. RI is the 366 

Random Index depending on the order of the matrix given by Saaty (1980) as displayed in Table 367 



2. CR changes from 0 and 1. If the CR index is greater than 0.10, the preference matrix should 368 

be revised. In this present study, CRAPSE, CRSE, and CRFWER equals to 0.02, 0.02, and 0.03, 369 

respectively, expressing a satisfactory consistency of judgments (Table 4).  370 

 Application of fuzzy analytical hierarchy process (FAHP) 371 

In fact, Zadeh (1965) firstly introduced fuzzy logic and its basic idea is to consider the 372 

spatial objects on a map as members of a set to deal with ambiguities and uncertainties that 373 

usually exist in human judgment. In prior research, fuzzy logic represent a powerful approach, 374 

which is characterized by a degree of vagueness and uncertainty, and can be easily incorporated 375 

with a GIS modelling language. In reality, FAHP approach is an extension of the AHP method, 376 

and since the AHP, method depends on the use of traditional crisp numbers (e.g., 1, 2…9), and 377 

vagueness is an essential characteristic of expert problems. In this connection, FAHP method 378 

has been developed to constructed final wind erosion map based on six factors: anthropic 379 

pressure, soil erodibility, vegetation cover, extent of sand movement, wind speed, and AI. 380 

Characteristically, FAHP method is similar to the humans thinking way when dealing with 381 

approximate and unconfirmed criteria to make decisions. Furthermore, it maintains the basic 382 

characteristics of the AHP method. Up to now a different approach of FAHP have been 383 

proposed in prior research using linear, S-curve, triangular, or trapezoidal representations. 384 

However, Buckley (1985) developed a new model by using trapezoidal fuzzy numbers, which 385 

is easy to set up, implement, and understand compared with other commonly used methods 386 

(Chou et al., 2019; Mokhtari et al., 2020; Turan et al., 2020). Practically, the fuzzy AHP 387 

approach involves three steps, namely construction of a crisp PCM and its fuzzification, 388 

determining the weightings of the assessment criteria, and defuzzification and crisp value 389 

normalization.  390 

 391 

1. Fuzzification: the triangular fuzzy number (TFN) was adopted for converting a real scale 392 

value (crisp set) into fuzzy value (fuzzy sets) as summarized in Table 3. In particular, TFN 393 

function is simpler, and less complex, and able to deal with fuzzy data (Chou et al., 2019). As 394 

it is stated earlier, normalized of all factors used to a common scale of measurement is 395 

necessary. Indeed, the fuzzy membership values for each causative factor of wind erosion is 396 

standardized between 0 and 1 (min = 0, max = 1), with zero and one represent the worst and 397 

best sensibility areas to wind erosion phenomenon for each factor, as given in the previously 398 

used equation (formula 7).We define a fuzzy number Ã on ℝ(= (−∞, +∞) to be a TFN if its 399 

membership function  𝜇Ã(𝑥): ℝ → [0,1]  is equal to (formula 11): 400 



𝜇Ã(𝑥) = { 𝑥−𝑙𝑚−𝑙 , 𝑙 ≤ 𝑥 ≤ 𝑚,    𝑢−𝑥𝑢−𝑚 , 𝑚 ≤ 𝑥 ≤ 𝑢,0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑒𝑠,         (11) 401 

Where l, m, and u represent the lower, mean, and upper bounds, respectively, of the fuzzy 402 

number Ã as illustrated in Fig. 3 .Consider two triangular fuzzy numbers Ã1 and Ã2, Ã1= 403 

(l1,m1,u1), and Ã2 =(l2,m 2,u2). Their operational laws are provided by formulas (12)-(16). 404 

Addition of a fuzzy number ⊕ 405 

Ã1 ⊕ Ã2 = (l1,m1,u1) ⊕ (l2,m 2,u2)= (l1+ l2, m1+ m2, u1+ u2)    (12) 406 

Multiplication of a fuzzy number ⨂ 407 

Ã1 ⨂ Ã2= (l1,m1,u1) ⨂ (l2,m 2,u2) =(l1l2, m1m2, u1u2)      (13) 408 

for l1l2 > 0; m1m2 > 0; u1u2 > 0 409 

Subtraction of a fuzzy number⊖ 410 

Ã1 ⊖ Ã2= (l1,m1,u1) ⊖ (l2,m 2,u2)= (l1- l2, m1-m2, u1- u2)     (14) 411 

Division of a fuzzy number ⊘ 412 

Ã1 ⊘ Ã2= (l1,m1,u1) ⊘ (l2,m 2,u2)= (l1/ l2, m1/m2, u1/ u2)     (15) 413 

for l1l2 > 0; m1m2 > 0; u1u2 > 0 414 

Reciprocal of a fuzzy number 415 

Ã1
-1= (l1,m1,u1)-1=(1/l1,1/m1,1/u1)        (16) 416 

for l1l2 > 0; m1m2 > 0; u1u2 > 0 417 

 418 

2. Determining the weightings of the assessment criteria: fuzzy judgment matrix using the 419 

triangle fuzzy number values (Table 4) are constructed between all criteria in the hierarchical 420 

structure instead the constant pairwise comparison values in the classical AHP method as 421 

follow (formula 17): 422 

 423 

Ã = [ã11 ã12 ⋯ ã1𝑛ã21 ã22 … ã2𝑛⋮ ⋮ ⋱ ⋮ã𝑛1 ã𝑛2 … ã𝑚𝑛]         (17) 424 

 425 

Where: Ã represent n*n-fuzzy judgment matrix containing TFN, ã𝑖𝑗 =(lij,mij,uij), ã𝑗𝑖 = 1 ã𝑖𝑗⁄ , 426 for 𝑖, 𝑗 = 1, … . , 𝑛 and 𝑖 ≠ 𝑗, n is the total number of criteria. Afterward, geometric mean 427 

method (Buckley, 1985) was used to define the fuzzy geometrical mean and fuzzy weights of 428 

each criterion by using the following equation (formula 18, and 19): 429 



 430 𝑟̃𝑖 = (𝑎̃𝑖1⨂𝑎̃𝑖2⨂ … ⨂𝑎̃𝑖𝑛)1/𝑛         (18) 431 

And then, 𝑤̃𝑖 = 𝑟̃𝑖⨂(𝑟̃1⨂ … ⨂𝑟̃𝑛)−1        (19) 432 

Where 𝑎̃𝑖𝑛 is the fuzzy value of attribute i with respect to attribute n; so, 𝑟̃𝑖is the geometrical 433 

mean of the fuzzy comparison values of attribute i for each criterion n, and  𝑤̃𝑖 is the fuzzy 434 

weight of attribute I and can be noted  by a TFN, 𝑤̃𝑖  = (l𝑤𝑖,m𝑤𝑖,u𝑤𝑖), with l𝑤𝑖 and u𝑤𝑖 represent 435 

the lowest and the highest boundaries, respectively, of the fuzzy weighting of the criterion i, 436 

and m𝑤𝑖is the modal weight. 437 

 438 

3. Defuzzification: defuzzification is a mathematical process of obtaining a single crisp value 439 

from the output of the fuzzy set results. The defuzzification of the fuzzy weights of a criterion 440 

is done by computing the best non-fuzzy performance (BNP) value of the final weights. The 441 

most popular, simple and practical defuzzification method, namely center of area method 442 

(COA) (Sun, 2010). The BNP weight wi of the fuzzy weights (l𝑤𝑖,m𝑤𝑖,u𝑤𝑖) can be found based 443 

on the following equation (formula 20): 444 BNP(𝑤𝑖) = (𝑙𝑤𝑖 , 𝑚𝑤𝑖 , 𝑢𝑤𝑖 3⁄ )        (20) 445 

 446 

Additive linear model 447 

Overall, two ways to cross the factors, either by considering that the result is the 448 

consequence of the interaction between the factors (multiplicative model) or the accumulation 449 

of their action  (additive model).In the present study,  the choice of the additive mode is justified 450 

by the fact that the causative factors for wind erosion have effects with each other (Cissokho, 451 

2012). Further, additive model is better fit and easier for both policy maker and scholars to use 452 

and understand (Lund, 1995; Choo and Wedley, 2008). The weighted linear combination 453 

(WLC) method was used in this work for mapping anthropic pressure on the steppe 454 

environment, soil erodibility, and final synthetic wind erosion risk. WLC seems as the most 455 

straightforward overlay way, and widely used in GIS decision models (Malczewski, 2006). In 456 

this procedure, aggregation by WLC allowed using the full potential of all factors such as 457 

continuous areas (formula 21); the values of all factors were multiplied by their corresponding 458 

weight in each standardized grid to elaborate the synthetic map, where the weights expresses 459 

the relative importance of each factor for the overall objective. Accordingly, maps of anthropic 460 

pressure on the steppe environment (APSEAHP ), soil erodibility (SEAHP ), and final wind erosion 461 



risk (𝐹𝑊𝐸𝑅𝑓𝐴𝐻𝑃 ) were constructed using WLC method using the following equations (formulas 462 

22-24). 463 𝐶 = ∑ 𝑊𝑖 × 𝑋𝑖           (21) 464 

Where C is the composite index, Wi and Xi are the weight values and the potential rating of 465 

each factor, 466 𝐴𝑃𝑆𝐸𝐴𝐻𝑃 = ((WAHP × distance to urban area) + (WAHP × distance to roads )  + (WAHP ×467 slope gradient) + ( WAHP × livestock density ) + (WAHP × population density ) + (WAHP ×468 farmland presence ))          (22) 469 𝑆𝐸𝐴𝐻𝑃 = ((WAHP × clay content) + (WAHP × silt content )  + (WAHP × sand content) + ( WAHP ×470 soil organic carbon content ))         (23) 471 𝐹𝑊𝐸𝑅𝑓𝐴𝐻𝑃 = ((WfAHP × anthropic pressure on the steppe environment ) + (WfAHP × soil erodibility)  +472 (WfAHP × vegetation cover) + ( WfAHP × extent of sand movement ) + (WfAHP × wind speed ) + (WfAHP ×473 aridty index  ))            (24) 474 

Where WAHP and WfAHP were the weightage for each factor using AHP, and FAHP methods, 475 

respectively. Finally, each obtained grid map is reclassified into four equal classes—slight, 476 

moderate, high, and very high. Equal interval method was adopted by different literature to 477 

divide the synthetically final map in hazard naturel assessment (Effat and Hegazy 2014). 478 

 479 

Validation of the wind erosion susceptibility map 480 

Ideally, prediction without knowing data accuracy and precision are a little use in science. 481 

For that reason, sand dunes areas was mapped and checked starting from high-resolution image 482 

(Google Earth) and field data verification (Fig. 9a-f). Here, the choice of verification stations 483 

were greatly depends on the following criteria including proximity and accessibility in terms of 484 

roads, altitude, aspect, security, and data representativeness for the whole of study area. Here, 485 

accuracy assessment of the constructed model in its natural context is extremely difficult at this 486 

scale, given to scarcity or absence of prior research, high cost and length of the experimentation, 487 

in addition to spatiotemporal variability of the wind erosion phenomenon in the region. The 488 

validation of wind erosion risk model was achieved by comparing the known sand dunes 489 

location data with the wind erosion risk map using Area Under Curve (AUC) method. The AUC 490 

method is frequently used to assess the accuracy of the prediction models in natural hazard 491 

assessment (Saadoud et al., 2017, 2018). The ROC curve graphs is generated by plotting with 492 

respect to the true positive rate (Y-axis) and the false positive rate values (X-axis). In this type 493 

of analysis, AUC values fall between 0.5 to 1 noting the rate of goodness. It can be classified 494 

into five levels to represent different levels of accuracy: 0.90–1.00 (excellent), 0.80–0.90 495 



(good), 0.70–0.80 (satisfactory), and 0.60–0.70 (poor), and 0.50–0.60 (failing). To that end, the 496 

Relative Operating Characteristic (ROC) model in IDRISI Kilimanjaro GIS software was used 497 

to compute AUC value.  498 

 499 

Results 500 

The DUA, DR, SG, LD, PD, and FP maps (Fig. 4a-f and Table 5) are used to draw the map 501 

of anthropic pressure on the steppe environment parameter in Tebessa area. APSE map were 502 

grouped into four classes to define areas most exposed to human impact along the study area. 503 

The first class corresponds to slight sensitivity, which distributed exclusively in the southern 504 

part, occupying 5.18 % of the whole area. The second class belongs to moderate sensitivity, 505 

representing 10.28 % of the total area, and located in the south.  The third class presents high 506 

sensitivity, corresponding to 33.68 % of the entire area. The fourth class represents very high 507 

sensitivity, which covered the northern part, with 50.87 % of the study area (Fig.6a and Table 508 

5). 509 

Outs of soil erodibility factor of the study area is illustrated in Fig. 6b and Table 5. Generally, 510 

it shows a high erodibility for the majority of research area especially in the south. High 511 

erodibility soil class covering approximately one-half (50.87%) of the total area. It is followed 512 

by very high erodiblity class with rate of 26.57 %, then Moderate erodiblity class with 18.45 513 

%, and finally slight erodiblity class is poorly represented with 4.42%. The contribution of each 514 

four factor in each class of soil erodibility parameter is summarized in Fig. 5a-d and Table 5. 515 

Fig. 6c and Table 5 show that the majority of the vegetation in study area was highly vulnerable 516 

to wind erosion since main vegetation consists of desert steppe and steppe with a cover of 52.21 517 

% and 45.37 %, respectively.  Very few areas have good vegetation density including forest 518 

steppe (2.42 %), and water corps (0.01%). These areas are considered as the less vulnerable, 519 

and located in the northern of the study area. 520 

Map of sand movement extent show high sensitivity to wind erosion in the far south of the land 521 

area, due to the presence of sandy soils in these areas (Fig.6d and Table 5). Four 522 

lithologic/morphologic units were retained along the study area: (1) Physical crust, representing  523 

more than one-half of the total area (56.36%) ; (2) Biological crust, with 36.08 %; (3) 524 

Unconsolidated soil (Active and mobile sand movement), which represent 4.72 %; and  (4)  525 

Crust cover with only 2.84 %. 526 

Theoretically, highest intensity of wind speed leading to a highest vulnerability of wind erosion, 527 

which occurs mainly in the southeast of the total area. Throughout the study area, wind speeds 528 

intensity increase from light breeze (1.06-3.40 m/s), with 21.43 % to gentle breeze (3.40-5.50 529 



m/s), which is almost distributed over three-quarters of the study area with ~ 76.63%, while 530 

moderate breeze (5.5-8.00 m/s) are diffused over only 1.92 % of the total area. Fresh breeze 531 

(8.00-11.43 m/s) are almost do not exist and poorly represented with less than 1% (0.01%) of 532 

the total region. 533 

Fig.6f and Table 5 depicts AI for 10 years (2009–2018). In general, wind erosion increase with 534 

decreasing in water availability in a region. In short, dryness increase from the north to south 535 

in the study area. The results indicate that almost the whole region of Tebessa is classified as 536 

“Arid” with 63.08% ,except the north of study area, which are classified as “Semi-arid” with 537 

rate of 36.92%. 538 

Vulnerability maps of causal factors were obtained based on the above-described relations. 539 

These maps (Figures 6a-f and Table 5) illustrate the spatial distribution of the sensibility of each 540 

single parameters contributing to wind erosion phenomenon. The next step, all factors were 541 

driven together for the assessment of the environmentally sensitive areas to wind erosion of the 542 

entire research area. Fig. 7 and Table 5, clearly shows a high wind erosion risk for the entire 543 

research area. Certainly, it appear clear that wind erosion risk intensity varies from area to 544 

another in the whole tebessa region, depending on the impact of each six factors, which controls 545 

the wind erosion processes. Characteristically, wind erosion severity increase gradually from 546 

north to south of the whole tebessa region. Areas of  very high sensitivity dominate almost of 547 

the total area with 40.22%, whereas, areas of moderate sensitivity diffused over 25.83 % of land 548 

area. Elsewhere, areas with high sensitivity, stretching over 24.30% in the middle of the whole 549 

research area. Areas of slight sensitivity are poorly represented, and spreads exclusively at the 550 

mountainous regions in the far north of region with not more than 10 % (9.65%). The AUC 551 

value of ROC curve for present model used is equal to ~96% (Fig. 8), which is considered as 552 

an excellent result for the current wind erosion risk map. 553 

 554 

Discussion 555 

AHP and FAHP were applied in this current dissertation to model wind erosion risk in 556 

Wilaya of Tebessa (Algeria) using six main contributing factors described previously— 557 

anthropic pressure on the steppe environment (distance to urban area, distance to roads, slope 558 

gradient, livestock density, population density, and farmland presence), soil erodibility (clay, 559 

silt, sand , and soil organic carbon content), cover vegetation, extent of sand movement, wind 560 

speed intensity, and aridity index for assessing the wind erosion hazard in arid to semiarid area. 561 

Similar results were reported in many studies in the Algerian saharan atlas region (Houyou et 562 

al., 2016; Bouarfa and  Bellal, 2018; Saadoud et al., 2017:2018; Louassa et al., 2018), North 563 



Africa (Malaki et al., 2009; Afrasinei et al., 2018 ; Gómez et al., 2018) and other arid, and 564 

semiarid regions around the world (Mirmousavi, 2016; Baumgertel et al., 2019), which indicate 565 

that wind erosion vulnerability increase from north to south, refereeing to the effect of related 566 

factors which encourage wind erosion— human impact, degrades soil structure, denudation of 567 

natural vegetation, extent of sandy soils, and harsh climatic conditions. 568 

Wind erosion is noticeably low in the far north of study area. This is because of the good status 569 

of vegetation cover in the form of protective forest belts (dominated by Pinus halepensis Mill), 570 

good climatic conditions, and less human activities in these few areas localised in the north 571 

(Hong et al., 2020). According to Shi et al. (2004), wind erosion risk can be greatly controlled 572 

when vegetation cover changed between 40-50%, as well as the plant roots increase the 573 

resistance of soils against wind erosion, allowing the accumulation of organic matter, and  574 

hence increase the soil aggregation (structural stability) (Zamani and Mahmoodabadi, 2013). 575 

Furthermore, mountains with high relief conditions (slopes gradient >35%) play a key role as 576 

barrier against the prevailing winds in the study area (Saadoud et al., 2017, 2018). 577 

Wind erosion remains moderate in the north part. This part is characterized by a semi-arid 578 

climate, moderate wind intensity, favourable soil structure, absence of anthropogenic activities, 579 

and relatively dense vegetal cover. In essence, when the vegetation cover is less than 35%, wind 580 

intensity is deemed as the main agent for wind erosion (Bensaïd, 2006). In reality, wind speed 581 

velocity increase with increasing of the vertical distance from the soil surface and vice versa 582 

(Song et al., 2006). In most cases, wind erosion risk increased as the wind speed, and 583 

evapotranspiration increased, while amount of precipitation deceased (≤300mm annually) as 584 

stated by Blanco and Lal (2008). 585 

The area of high wind erosion hazard occurs mainly at the plane morphologies, which is 586 

characterized by scattered steppe plant communities, such as chamaephytic (represented by 587 

Artemisia herba-alba Asso, Artemisia campestris L), and halophytic (dominated by Atriplex 588 

halimus L and Salsola vermiculata L), (Mihi et al., 2020). Unfortunately, since the early 1980s, 589 

steppe vegetation have witnessed a drastic regression, as result of overgrazing, drought (dry 590 

climate), and extent of dryland farming (Bensaïd, 2006). Meanwhile, plouwing soil for the 591 

conversion of rangeland into cropland make the soil unprotected without any vegetation (barley 592 

soil) and triggered its vulnerability to wind erosion processes (Benaradj et al., 2020). 593 

Areas records very high wind erosion risk occurs within the very low elevation area in far south 594 

part of the study area. This is due to the presence of sand deposits and sandy soils, and the 595 

prevailing of erosive winds. In most cases, many plant species were buried under sand masses 596 

and replaced gradually by sand dunes vegetation taxa such as psammophytic communities 597 

https://books.google.fr/books?hl=fr&lr=&id=Nz1TCy39aPQC&oi=fnd&pg=PP1&dq=Unfortunately&ots=zVVsp5zYuR&sig=Zwg3ZkWxcgNF8HF1pXj6vBg9Fv0


(Mihi et al., 2019).Obviously, rates of wind erosion increase in order of: humid> dry subhumid> 598 

semiarid>arid areas as informed Blanco and Lal (2008). Further, wind erosion severity is mostly 599 

recorded in spring season, especially when wind speed exceeds a certain threshold (Song et al., 600 

2006). Additionally, in order to move soil particles by wind, the latter must be reaches 8m/s, at 601 

2m above soil surface. Otherwise, wind speed can be displaced any particles soil less than 1 602 

mm (Brooks et al., 2012). Under these conditions, rates of wind erosion increase, with 603 

decreasing in particles sizes: clay>silt> sand (Zheng, 2009).  604 

In the past, in order to fight against sandy desertification, Algeria has launched the largest 605 

afforestation program (green dam), which was initiated in 1972. This shelterbelt aimed for the 606 

restoration of the ecological balance in arid and semi-arid areas. It represents a band of 1000 607 

Km in long, stretching from the Moroccan border in the west to the Tunisian border in the east, 608 

over 20 km in wide (Kepner et al., 2006). As a result, green dam contributed to the accelerated 609 

greening trend in the pre-Saharan areas with only 42% during the last twenty years (Bensaïd, 610 

1995). Besides, despite the numerous studies carried out in most regions affected by wind 611 

desertification, these studies remain insufficient and do not allow knowing for accurately and 612 

comprehensively the impact and consequences of this phenomenon. However, these traditional 613 

methods still costly, tedious and the most time-consuming, especially when it’s apply over large 614 

surface region. Moreover, this old method are performed in a punctually manner which requires 615 

mathematical procedures such as interpolation in order to obtain zonal information.  616 

The methodology proposed by this current study is a significant contribution to generalize the 617 

wind-erosion risk assessment especially at steppe regions. Furthermore, the proposed approach 618 

based on medium resolution satellite data available free is considered to be cost-efficient, 619 

simple, and easily to apply for monitoring wind erosion risk. Although the method applied in 620 

this work, show an excellent performance accuracy with 96 %. Nevertheless, the results 621 

obtained by this study requires future studies that are more detailed with further field 622 

measurements at small-scale level for better characterisation of diagnostic criteria and by 623 

incorporating additional data such as soil wetness, aerodynamic roughness length, landforms, 624 

windbreaks, etc. 625 

 626 

Conclusion 627 

This study has estimated the wind erosion hazard in wilaya of Tebessa (northeastern 628 

Algeria) using WLC algorithm with AHP, FAHP, and geomatics approaches. The AUC value 629 

of ROC curve for the proposed approach was 0.96. This result indicates that proposed model is 630 

excellent estimator of wind erosion vulnerability in such regions. In total, wind erosion 631 

https://www.sciencedirect.com/science/article/pii/S1878522016301850


vulnerability varying increasingly along a north-to-south gradient of the whole land area. 632 

Through this study, it was found that area with; slight, moderate, high, and very high erosion 633 

occupied 9.65 %, 25.83 %, 24.30 %, and 40.22 %, respectively, of the entire research area. The 634 

free available multi-source remote sensing datasets (medium resolution satellite data) offers an 635 

effective opportunity for assessing the hazard magnitude of wind erosion, especially, under 636 

data-scarce or areas of difficult access (inaccessible areas) in developing nations. Besides, the 637 

obtained thematic map of wind erosion hazard provides a general overview of this phenomenon, 638 

which represent an essential tool for decision-makers and planners to develop the successful 639 

strategies to control sustainably sand desertification. 640 
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Figures

Figure 1

OLI Landsat image of Tebessa region for the year 2014 (RGB composite, Bands 7-5-2), displaying (a)
location of the study area, (b) De Martonne Aridity Index in the study area for 50 years (1950–2000)
obtained from the World Climate database (http://www.worldclimate.com), (c) ombrothermic diagrams of
Gaussen and Bagnouls applied for the period 1972–2015 of the wilaya of Tebessa (Algeria). Note: The
designations employed and the presentation of the material on this map do not imply the expression of
any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 2

Methodological �owchart applied for mapping wind erosion vulnerability



Figure 3

The membership functions of the triangular fuzzy number M = (1, m, u)



Figure 4

Anthropic pressure affecting factors (a) distance to urban area, (b) distance to roads, (c) slope gradient,
(d) livestock density, (e) population density, (f) farmland presence



Figure 5

Input data layers used to elaborate soil erodibility factor (a) clay content percent, (b) sand content
percent, (c) silt content percent, (d) soil organic carbonic content percent



Figure 6

Wind erosion condition factors (a) Anthropic pressure on the steppe environment based on AHP model ,
(b) soil erodiblity derived from AHP model, (c) Normalized Difference Vegetation Index (NDVI), (d) Crust
Index (CI), (e) Aridity Index (AI), and (f)Wind speed



Figure 7

Wind erosion risk map produced by fuzzy logic model



Figure 8

ROC curves assessment of the FAHP model



Figure 9

Example of �eld investigation over the study areas. (a) Safsaf El-Oussera dam (Safsaf El-Oussera), (b)
Nebka with mobile sand dunes, dominate by Aristida pungens Desf (Negrine), (c) degraded rangeland
dominated by Artemisia herba-alba Asso, Artemisia campestris L (Safsaf El-Oussera), (d) degraded
rangeland dominated by Stipa tenacissima L (Bir El Ater), (e) prickly pear (Opuntia �cus-indica L)
plantations (Bir El Ater), (f) Nebka with �xed sand dunes, dominate by Aristida pungens Desf (Negrine)


