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ABSTRACT: 

Land degradation and desertification have been ranked as a major environmental issue for arid and semi-arid regions is a comprehensive 

concept that depends on many factors. Detecting early land degradation is a significant issue of social and environmental with 

geographical information system (GIS) and remote sensing methods has been used for the interpretation of spatial-temporal data. In 

this study, the assessment of the current state of land degradation is influenced by several complexes of the natural and anthropological 

causes. The results of land degradation assessment carried out for Bulgan province of Mongolia using multi-temporal resourced data 

as climate condition (vegetation growing season of temperature and precipitation), land use type (density of seasonal camps of herder 

households, roads, cropland, settlements) and MODIS vegetation product data were used to estimate land degradation change period 

from 2000 to 2018 and accessed it’s for effecting on degradation over last 19 years. We obtained a prediction of land degradation 

integrated with indicators and based on the spatial pattern of human influence. One of the main indicators for land degradation was 

land use type as pasture usage of livestock husbandry in Bulgan province, overgrazing is the most widespread cause of land 

degradation, particularly around permanent location of herders and livestock affecting about moderately and slightly degraded land is 

72.78% of study total area. 

1. INTRODUCTION

Desertification is a defined as land degradation in arid, semi-arid, 

and dry sub-humid areas resulting from many factors such as 

climate change and human activities by United Nations 

Convention to Combat Desertification (UNCCD) (Nachtergaele 

et al. 2008; Spruce et al. 2011). Between 2012 and 2016, 

degraded land covered approximately 19% of the global land area 

(Kimura, 2018). 

Land degradation and desertification mean which is a process 

loss of terrestrial ecosystem or declining biological productivity 

(METM, 2014). In other words, it means the loss of ecosystems 

or the population of living organisms and their habitats. It occurs 

as a result of changes in dynamic processes such as climate 

(drought, increase in extreme phenomena of climatic elements), 

hydrology (decline in groundwater level), soil (soil salinization), 

vegetation (loss of vegetation cover), and biodiversity (species 

decrease or extinction) (Dash, 2010). The combination of natural 

factors and human activities are intensifying the process of land 

degradation and leading to create for desertification. When land 

degradation occurs in dryland, it often creates desert-like 

conditions (Sterk and Stoorvogel, 2020) due to lack of moisture 

supply, limited rainfall, and significant fluctuation of the seasonal 

temperature. Therefore, areas with arid, semi-arid, and lack of 

moisture are more sensitive to natural and human impacts. 

Ultimately it leads to poverty and malnutrition due to economic 

slowdown followed by a decline in biological production.  

* Corresponding author 

Many scientists have conducted an assessing land degradation at 

the national and local level, using determined indicators under 

the program for Land Degradation Assessment in Drylands 

(LADA) by the Food and Agriculture Organization (FAO) of the 

United Nations. In Mongolia, many researchers have investigated 

of drought and desertification (METM, 2014; Dash, 2010; 

NPCDM, 2010; Dorjgotov, 2009; Natsagdorj, 2009; IGB&IG, 

2014; Tsogtbaatar and Khudulmur, 2014). For instance, 

Mandakh et al (2015) determined using the numeric index of 

desertification map that 77.8% of the total territory was affected 

by land degradation. They reported natural factors were plays 

56.0% and human activity factors in 44.0% in a strong and very 

strong deserted area. Natsagdorj, Dulamsuren, and Tsatsral 

(2009) also have conducted extensive research on desertification 

from the perspective of climatic factors. Dash (2010) noted that 

the area of the desert zone has increased by 3.4% due to changes 

in the normalized vegetation difference index (NDVI) over the 

past 10 years. Multi-years average NDVI has widely used in 

desertification and land degradation study in Mongolia 

(Munkhdulam and Sainbayar, 2012).  

An integrated process that depends on many factors, also the 

continuity and accuracy of data are vital in land degradation 

studies. The data provides the requirements, is obtained from 

Earth Observation (EO) or a global observing system based on 

remote sensing technology. In the land degradation study, NDVI 

is widely used and more suitable (Higginbottom and 

Symeonakis, 2014). Vegetation cover does not only contribute to 

the accumulation of organic matter in the soil but also employs a 
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mechanical effect on the soil generation process. Therefore, 

changes in vegetation cover affect soil degradation and erosion. 

The FAO/LADA technical report also states that the NDVI is an 

indicator of land degradation (Kellner et al, 2011) that is 

interdependent to precipitation change, drought index, land cover 

change, and soil erosion. Therefore, climate change and human 

activities are the main reason for vegetation change. Many 

researchers have investigated land degradation and 

desertification based on long-term NDVI data derived from 

MODIS satellite, have detected a trend using slope value of linear 

regression (Bai and Dent 2006; Higginbottom and Symeonakis, 

2014; Natsagdorj, 2009).  

The integrated assessment of land degradation is based on four 

categories by degradation detection: slight, moderate, severe, and 

very severe (Dash, 2010). Human-induced and climate factors 

still have separate issues, which is the main challenge to 

determine and mitigate land degradation effectively (Evans and 

Geerken, 2004). The aim of this research is to assess the impacts 

of natural and human factors and develop a spatial model of 

regions exposed to land degradation and desertification. 

 

2. STUDY AREA 

Bulgan province is located, at an altitude ranging from 950m to 

2000m above sea level, in the northern part of Mongolia, it covers 

488.733 km2, which is 0.3% of the entirety of Mongolia (Figure 

1).  

 

 
Figure 1. Location map of study area. 

 

The province is divided into administrative subdivisions of 16 

soums and 75 bags, and has a population of 61.794 and livestock 

of 3.305.495 as of 2018. For the natural zone, mountain taiga, 

mountain forest-steppe, and moderate dry steppe zones include, 

which are stretched from the north into the southern part 

(NPCDM, 2010). In this study area, pasture vegetation and soil 

surveys were conducted in 2005 and 2014 (IGB&IG, 2014). 

According to the report of this study: 

• Field studies of pasture vegetation indicate that the 

average biomass of public pasture land has decreased 

to 440 kg ha-1 in 2014, whereas it was 1010.0 kg ha-1 

in 2005.   
• The soil survey shows that soil humus content ranged 

between 0.737-2.835% in the brown and dark brown 

sandy loam soil of flat land zone and 0.352-2.193% in 

the alluvial sandy loam soil of river valley, where 

enduring erosion and deterioration caused by human 

activities and overgrazing, and land degradation rate is 

higher in such areas including the vicinity of soum 

center and the places of open water resources.     
• In some areas, soil fertility capability has worsened due 

to the expansion of sand buried soil, triggering sand 

accumulation in the settlement areas.   

• Abandoned crop fields encourage the growth of weed 

and the spread of its seed into the pasture land, and this 

causes the degradation of pastureland vegetation. 

• A certain extent of soil erosion was detected in the 

pastureland near the settled areas and places of 1.0 to 

3.0 km range around open water source spots due to 

livestock watering.   

• This report has confirmed that the territory of Bulgan 

province is experiencing degradation, and such 

intensely degrading land is highly vulnerable to the risk 

of desertification. Above mentioned risks have become 

the ground for choosing the area as a subject of this 

study. Therefore, the risk is the rational basis for the 

site selection of this study. 

  

3. METHOD AND MATERIALS  

3.1 Materials 

Climate data: Mean air temperature and total precipitation data 

of June, July, and August of 2000-2018, obtained from 60 

meteorological observation stations, evenly located across 

Mongolia's territory, were used in the calculation of the aridity 

index. The meteorological precipitation data used in spatial 

distribution analysis of Rainfall-Use Efficiency (RUE). Firstly, 

we have generated spatial distribution images of temperature and 

precipitation using the kriging interpolation method from 60 

meteorological station data of June, July, and August of 2000-

2018. The temperature and precipitation images of the study area 

were extracted from the full image.  

In order to detect the change of time-series and the trend, we were 

estimated Sen’s slope value of the temperature and precipitation 

in the warm season. The detail method is found from 

Chattopadhyay’s study (Chattopadhyay et al, 2016). The Sen’s 

slope is a non-parametric test, and the non-parametric method 

does not require normally distributed (Chattopadhyay et al, 2016; 

Touseef et al, 2020; Otgonbayar et al, 2019a). The natural 

phenomena are often un-normal distributed. Therefore, Sen’s 

slope test might be more suitable (Otgonbayar et al, 2019b). The 

analysis showed that over the past 19 years, yearly average air 

temperature less slightly decreased, and the yearly total 

precipitation increased, at the Bulgan meteorological station 

(Figure 2). 

 

 
Figure 2. Yearly average temperature and yearly total 

precipitation for the period 2000-2018 (from June to August) at 

the Bulgan station with Sen’s slope estimate (95% confidence 

intervals). 

 

Normalized difference vegetation index (NDVI): NDVI data, 

which is MOD12A3 derived from Moderate Resolution Imaging 
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Spectroradiometer (MODIS) satellite with a resolution of 1 km 

for June, July, and August of 2000-2018 was applied. 

Vector data: In this study were used vector datasets of road, 

settlements, and other forms of land utilization such as crop field 

and fallow land in Bulgan province. Vector data of crop field and 

fallow land obtained from Mongolian national atlas (Dorjgotov, 

2009). The coordinates of herders’ seasonal camp place taken 

from the 2014 field survey used in the current research spatial 

analysis.    

 

3.2 Method 

Two types of research methods, time series analysis, and 

integrated assessment were used. In assessing the land 

degradation used three indices as the mean value of the aridity 

index (AI), the change and trend of NDVI and RUE for a given 

period, and the Human Impact Index. Firstly, estimated spatial 

effects on land degradation of those three indices. And then 

evaluated the degree of land degradation of each index and 

generated an integrated map of degradation.  

Temporal analysis: For spatial-temporal analysis used a spatial 

distribution map of AI, NDVI, and RUE. The AI is a determinant 

factor of climate, spatial analysis was conducted using mean 

value AI for the period 2000-2018. However, the percentage of 

average annual change in NDVI and RUE for the given period 

was calculated by the following formula (1): 

 

% 𝑐ℎ𝑎𝑛𝑔𝑒 =
∑ (

𝐼𝑛𝑑𝑖
   𝐼𝑛𝑑𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

−1)∗100𝑛
𝑖=2 %

𝑛−1
,            (1) 

 

where  Indi = used indicator 

 n = the number of years or indicates of data length (i=2,    

 …. n) 

 Indbaseline = a value at the base year for the calculation 

 of each indicator 

  

In this study, 2000 years is used as the base year for the 

calculation of each indicator. The aforementioned formula 

calculates where the indicator is declining or increasing over a 

given period compared to 2000 year and identifies areas of 

degradation. A positive value of the index defined by the above 

formula indicates an upward trend, and a negative value indicates 

a downward trend. 

Approach for integrated degradation assessment: For spatial-

temporal analysis used a spatial distribution map of AI, NDVI, 

and RUE. The AI is a determinant factor of climate, spatial 

analysis was conducted using mean value AI for the period 2000-

2018. However, the percentage of average annual change in 

NDVI and RUE for the given period was calculated by the 

following formula (2): 

 

𝐼𝐴 = 𝐴𝐼 + 𝑁𝐷𝑉𝐼 + 𝑅𝑈𝐸 + 𝐻𝐼𝐼,                (2) 

 

where  IA = integrated assessment 

 NDVI = normalized difference vegetation index   

 RUE = rain use efficiency 

 HII = human impact index 

 

In this study, the assessment was based on the following criteria, 

considering that the level of degradation indicates the intensity of 

desertification. Herein, 0-no land degradation; 1-slight land 

degradation; 2-moderate land degradation; 3-severe land 

degradation. 

Aridity index (AI): De Martonne formula was applied to 

calculate the AI of each year using the mean air temperature and 

total precipitation data of June, July, and August of 2000-2018, 

taken from meteorological observation stations (Lungu et al, 

2011; Maliva and Missimer, 2012). 

 

𝐼 =
𝑃

(𝑇𝑚+10)
,                                 (3) 

 

where  P = monthly the total precipitation 

 Тm = monthly mean air temperature   

  

According to the definition by LADA, AI is a numerical indicator 

for measuring the rate of aridity of a certain region (Nachtergaele 

et al, 2008). Moreover, it is one of the indicators that determine 

soil moisture content. Soil moisture significantly affects plant 

growth and spread, soil microbiology process, soil erosion and 

wind erosion, and soil characteristics and serves as an integral 

part of land degradation evaluation in arid regions. 

Normalized difference vegetation index (NDVI): NDVI is a 

normalized value of vegetation cover based on spectral 

characteristics of green plants that are highly absorbent in the 

visible red spectrum, whereas highly reflective in the near-

infrared spectrum. NDVI is a suitable product for detecting land 

degradation and conducting time-series analysis (Bai and Dent, 

2006; Spruce et al, 2011). NDVI is a suitable product conducting 

time-series analysis for detecting land degradation (Spruce et al, 

2011; Nachtergaele et al, 2008; Bai and Dent, 2006). 

Determining vegetation index by remote sensing data means 

identification of the highest potential of vegetation intensity, 

taking into account the land condition and precipitation (Evans 

and Geerken, 2004). Application of this index is preferred in 

circumstances where 50 or more percent of the land is covered 

by vegetation, while the lower the vegetation coverage, the 

radiation of barren land prevails in the data transferred to the 

satellite (Nachtergaele et al, 2008). Long-term and continuous 

decrease of vegetation index indicates desertification process. 

Thus, determining the trend over the given period by conducting 

temporal analysis allows the best indicator for detecting and 

evaluating degradation. 

Rain use efficiency (RUE): RUE is ratio of NDVI to 

precipitation (Bai et al, 2005). and shall be determined using the 

below formula (4).   

 

𝑅𝑈𝐸 =
𝑁𝐷𝑉𝐼𝑠𝑢𝑚𝑚𝑒𝑟

𝑅𝑠𝑢𝑚𝑚𝑒𝑟
 ,                                  (4) 

 

where  NDVIsummer = sum value of NDVI of June, July, and 

 August for the given year 

 Rsummer = total precipitation of June, July, and August 

 for the given year   

 

In other words, it may be interpreted as an adequate amount of 

precipitation necessary for the growth of plants. Moreover, the 

correlation between biomass and precipitation is considered to be 

capable of indicating the impact of a human-induced activity on 

land degradation (Bai and Dent, 2006). 

Human influence index: In addition to natural factors, human-

induced activities strongly affect the land degradation process. It 

is evaluated by the change in land utilization. Pastoral farming is 

the main contributing factor for land degradation and 

desertification, pasture land covers large areas. Overgrazing 

becomes a significant driver for desertification while causing 

land degradation being evolved due to the reduction of vegetation 

species and changes in soil mechanical components. Therefore, 

for detecting pasture utilization area used season camps of 

herders. The impact of human-induced activities was estimated 

using the Sanderson method who developed in 2002 (Woolmer 

et al, 2008). In total, 6 vector datasets were used for assessing the 

human impact index such as the density of seasonal camps 

(summer and winter camps) of herder households, crop fields, 
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fallow land, state-level, and local roads and settlement areas. 

Spatial mapping of human factors on land degradation has been 

developed by assessing the human influence by scores between 0 

and 3. Herein, 0-no influence, 1-low influence, 2-moderate 

influence, 3-high influence. The winter and spring camp 

locations, where herders tend to stay for an extended period, were 

included in the calculation and evaluated by their density per 1.0 

km2 (Table 1). 

 

Density 
Degree of degradation 

level by score 

0-0.034 0 

0.0341-0.1 1 

0.11-0.17 2 

0.171-0.32 3 

Table 1. The number of winter and spring camp locations per 

1.0 km2. 

 

The crop field was rated by 3 points, the hay area was rated by 1 

point, and the rest of the areas were rated by 0-3 points, by 

ordering by their rate of impact, creating spatial zoning at a 

certain distance. The area within 5 km from the province center 

was the most influential and rated by 3 points, the area within 5-

10 km by 1 point, and the area within 5 km from soum center by 

1 point. The road impacts are calculated as shown in the table 

below (Table 2) (Higginbottom and Symeonakis, 2014). 

 

Type of road 
Standard scores for the corresponding class 

90m> 90-500m 500-1000м 1000м< 

Paved road 3 2 1 0 

Another road 2 1 0 0 

Table 2. Distance from the road. 

 

4. RESULT 

4.1 Aridity index 

When estimating the aridity index at the Bulgan station on the 

study site using the De Martonne approach, the area is defined as 

arid and semi-arid and less humid according to Martonne's 

climate classification (Lungu et al, 2011). As mentioned earlier, 

this circumstance adversely impacts the soil's microbiological 

process and further accelerates drought. Aridity index dynamics 

indicate that aridity tends to decline slightly over the last 19 years 

(Figure 3).  

 

 
Figure 3. Estimated aridity index of De Martonne using Bulgan 

Metrological station data for the period 2000-2018. 

 

Spatial distribution of the last 19 years' average aridity shows that 

the southern part of the study area, the arid steppe zone, is 

experiencing drought and land degradation and exposed to the 

highest risk of desertification (Figure 4).  

 

 
Figure 4. Spatial distribution map of aridity index for the 

period. 

 

4.2 Percentage of change in NDVI 

The estimation of the mean dynamics of 49221 points with the 

resolution of 1000m over the research area during the study 

period evidences the trend of increase (Figure 5). When 

calculating the NDVI variation in the study area at each pixel for 

the period 2000-2018, 76.47% of the total pixels were positive or 

increasing and 23.53% was negative or decreasing (Figure 6).  

 

 
Figure 5. Variation of NDVI (June, July, and August of 2000-

2018). 

 

 
Figure 6. Percentage of average annual change in NDVI  

(June, July, and August of 2000-2018). 

 

As shown in the figure, the NDVI value for the south eastern part 

of the region declined year by year with a minimum of 29.72% 

during the past 19 years compared to 2000, and such areas are 

experiencing land degradation, whereas the northern and western 

part showed a positive trend, with NDVI values increasing with 

a maximum of 39.40%. Here, vegetation cover growth does not 
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imply that there is no degradation. It should be cross-checked and 

confirmed by field measurement of plant species.  

 

4.3 Percentage of change in RUE 

RUE is a parameter indicating the influence of precipitation 

fluctuation on biomass products. The estimation of the mean 

dynamics of 49221 points with the resolution of 1000m over the 

research area during the study period evidences the trend of 

decrease (Figure 7).  

 

 
Figure 7. Variation of RUE (June, July, and August of 2000-

2018). 

 

A positive trend of RUE indicates land improvement, whereas a 

negative trend indicates degradation (Figure 8). As shown in the 

figure, the positive trend was identified across the northern part - 

the taiga and forest-steppe region, whereas a negative trend was 

identified across the west and south part. According to the 

variation on each pixel location across the entire survey area, 

48.47% were positive or increased with a maximum of 139.88%, 

and 51.53% were negative or decreased with a minimum of 

51.67%. 

 

 
Figure 8. Percentage of average annual change in  

RUE (June, July, and August of 2000-2018). 

 

4.4 Human activity impact  

A spatial distribution map of the human factor index is developed 

(Figure 9). As shown in the figure three indicators were overlaid 

in the given survey area. The most overlaid areas include 

pasturelands and crop fields in the vicinity of province and soum 

centre, and the share of the entire overlaid distribution indicates 

that the grazing area has a significant impact. According to the 

share expressed by pixel value, the area with no human impact is 

24.3% (pixel value 0), and the area impacted by some extent is 

75.7% (pixel value 1-10), which might be vulnerable to 

degradation. 

 

 
Figure 9. Spatial distribution of Human activity impact. 

 

4.5 Integrated assessment of land degradation 

The issue of vital importance is the diligent and correct 

classification of the selected indicators against the degree of land 

degradation. The integrated map of land degradation and 

desertification was developed using four indicators such as AI, 

NDVI, RUE and HII (Figure 10). As can be seen from the figure 

above, most of the non-degraded land is covered by forest. When 

calculating the percentage of pixels corresponding to the degree 

of degradation and desertification shown in the integrated map, 

27.22% total pixels of the survey area is no degrade, 34.04% were 

slightly degraded, and 32.38% were moderately degraded, and 

6.37% severely degraded. According to the integrated 

assessment, 72.78% of the entire area is affected by land 

degradation. 

 

 
Figure 10. An integrated map of land degradation for  

the period 2000-2018 with field-measured biomass data. 

 

4.6 Accuracy assessment 

In order to assessment of accuracy, we used field-survey 

vegetation data. Field measurement of vegetation cover was 

conducted in 2018. Vegetation sample has taken from 192 sites, 

the number of plant species per 1m2 area, biomass, and 

percentage of plant species was calculated. During the field 

measurement, three levels of land degradation were determined. 

The status of degradation identified by field measurement is as 

follows: 
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The vegetation canopy covers over a slightly degraded area 

averaged between 5.2%. On average, 10-20 species of plants are 

observed in the per 1 m2 area.   

The total biomass is 45.3-86.3 g/m2. For biomass composition, it 

was observed that forb biomass covers 58-85% of the total 

biomass. The biomass of the grass is higher by 23-40%. At the 

study sites, biomasses of carex, Fabaceae, and artemisia are lower 

by 1-8%, 1-3%, and 5-10%, respectively. 

Vegetation canopy covers ranging from 49.0% in moderately 

degraded areas, and the number of species was between 10 and 

15. The total biomass is 22.9-56.6 g/m2. The vegetation 

community's composition was lower than that of the less 

degraded pastures. The biomass of forb and grasses decreased 

and the biomass of weed increased. 

The vegetation composition of the highly degraded area has 

changed significantly compared to less and moderately degraded 

pastureland. Decreased in the number of some species and 

increase of plants of particular species (weed, which is not edible 

for animals and resistant to pasture land degradation) in the total 

biomass, has been identified. Although the sign that the 

percentage of vegetation canopy cover dropped to a lower level 

than that of low and medium degraded pastures has been 

identified, the canopy cover is dense (73.2%) since the plants 

shortened due to the deterioration within the community. If we 

do not protect it, the degradation process will transit to a more 

severe level, and the formation of bare ground in the plant 

community will commence.  

The results of field measurements and the number of grades of 

the assessed indicator at each point are shown in the below table 

(Table 3). Field measurements show that the land was slightly 

degraded at 10 points, moderately degraded at 94 points, and 

severely degraded at 88 points. Also, as mentioned earlier, if the 

vegetation canopy cover index was higher by analysis of remote 

sensing methods, this does not mean that the land is not degraded. 

 

Score 
Degree of land 

degradation 

Number of the pixel 

value 

Field sites IA 

0 No degrade  7 

1 Slight 10 52 

2 Moderate 94 99 

3 Severe 88 34 

Table 3. Comparison between field measurement of vegetation 

and estimated integrated assessment. 

 

According to field measurements, coverage becomes denser due 

to the decline of community and plant shrinking processes. As 

can be observed from the correlation, the integrated assessment 

map coincides with the field measurement by a tolerance 

coefficient of 0.62.  This shows that the study can be used in 

practice.  

 

5. DISCUSSION 

The aridity index indicates the impacts on climate degradation, 

and in arid areas, the lack of soil moisture is commonly observed, 

which is the top factor for land degradation combined with 

human factors. According to the study, the southern part of the 

study area (arid steppe zone) is the most likely closer to the threat 

of land degradation. The maximum frequency of perennial 

declines in NDVI is highly correlated with the stages of moderate 

to severe land degradation levels. Therefore, when NDVI is used 

as a land degradation indicator, the greater the years of decline 

are used, the better the detection of degraded land. NDVI does 

not detect changes in vegetation species in degraded areas other 

than vegetation cover. Thus, it is recommended that field 

measurements of species might be used to determine the 

degradation of land, where NDVI is high. RUE indicates the 

potential of plant growth and precipitation falling in the study 

area positively affects plant growth. However, the perennial 

decline proves that biomass is not reaching the required level.  In 

other words, it confirms that external or human-induced impact 

observes over the study area.   

This approach, which estimates the human impact index by 

creating a specific spatial distribution, has made it possible to 

identify the most extended areas exposed to degradation. This is 

the optimal method for countries with pastoral farming similar to 

Mongolia. Pastoral farming covers a large area, and it is 

challenging to determine spatial scope accurately. The issue of 

vital importance is the diligent and correct classification of the 

selected indicators regarding land degradation and desertification 

degree. The accuracy of the integrated assessment map was 

reconfirmed by field vegetation measurement. The outcome of 

the integrated map proves that 27.22% of the total research area 

is not degraded, 34.04% slightly degraded, and 32.38% 

moderately degraded, and 6.37% severely degraded. 

 

6. CONCLUSION 

This study is either efficient as the compilation of natural and 

human factors is ensured or advantages as field vegetation 

measurements reconfirm it. In short, it is notable that the study 

has effectively correlated the remote sensing data and spatial 

analysis with field measurements. The reconfirmation by field 

measurement shows the viability and applicability of research. 

When the dataset of spatial-temporal for grazing is optimized, 

then the best result in determining the impact of human activities 

is ensured. Since land degradation and desertification have been 

assessed spatially, suitable measures might be taken for each 

degree of degradation. For example, measures including, fencing 

of degraded land, planting nutritious seeds, and allowing for 

natural regeneration (scheduled use of pastureland). 
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