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Abstract: Due to the combined effects of global warming and human activities, the ecological 

environment of the Yellow River source area has undergone profound changes and 

desertification has become increasingly prominent. In this study, an optimal desertification 

monitoring index based on feature space was proposed for the Yellow River source area, and 

constructed using Landsat images. Then, the spatial and temporal variation of desertification in 

the Yellow River source area and its driving mechanism were studied using Geodetector. The 

main conclusions are as follows: (1) The newly proposed feature space-based desertification 

monitoring index has good applicability in the study area. The best inversion accuracy of the 

point-to-point Albedo-NDVI feature space model was 88.4 %. (2) Desertification in the eastern 

and southern regions of the Yellow River source area has a tendency to increase, while the 

desertification situation in the central region is relatively stable. (3) From 1995 to 2015, there was 

a significant improvement in desertification in the study area, as evidenced by a decrease in 

desertification intensity. (4) As the intensity of human disturbance increases, the influence of 

natural factors on desertification gradually diminishes. The interaction of natural and 

anthropogenic factors has greater explanatory power for desertification than that of individual 

natural or anthropogenic factors. The research results can be used as a reference for 

decision-making on desertification control in the Three-River Source Region. 

Keywords: Desertification; Feature space; Spatial and temporal pattern; Geodetector; Source 

region of Yellow River. 

1. Introduction 

Land desertification is characterized by wind and sand activities in semi-arid, arid and 
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partially semi-humid zones due to excessive exploitation and utilization of land (Zhao et al., 2009; 

Guo et al., 2020a). Due to unreasonable anthropogenic disturbances such as grassland reclamation, 

continuous cultivation and overgrazing, as well as global climate change, the desertification 

situation in the Three River Source Region, especially in the source area of the Yellow River, is 

becoming increasingly prominent (Li et al., 2011). In addition, deforestation and desertification 

caused by human activities and climate change pose a major challenge to sustainable development 

and affect the lives and livelihoods of millions of people. Dynamic monitoring of desertification is 

essential to improve regional livelihoods, reduce vulnerability and mitigate economic risks (SDGs 

15: Life and land). Meanwhile, climate change is becoming a prominent factor affecting land 

degradation processes, causing significant damage to regional sustainable development and 

economies. Therefore, it is urgent to reveal the mechanisms of climate change and human 

activities on desertification for the protection and restoration of regional ecosystems (SDGs 15: 

Climate action). 

In the past decades, many scholars at home and abroad have conducted studies on remote 

sensing monitoring of desertification or vegetation degradation in the Yellow River source area 

and its surrounding areas. Yan et al. (2009) utilized image interpretation techniques and based on 

Landsat MSS and TM data to obtain information on windsanding in Longyangxia Reservoir, upper 

Yellow River, China, and then analyzed the driving factors. Ma et al. (2013) utilized the image 

datasets of AVHRR, MODIS, and Landsat TM to dynamically monitor the desertification and 

found that Landsat TM data are better applicable in monitoring desertification in small areas with 

appropriate spatial and temporal resolution. Shen et al. (2018) studied the degradation and 

recovery of vegetation in the Three-River Source Region from 2000 to 2015 based on MODIS 
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NDVI and the impact of ecological protection projects, and found that the vegetation showed an 

overall recovery and ecological protection projects had a positive effect on vegetation recovery. 

Zhang et al. (2018) used Landsat images from 1977-2015 to establish a new classification system 

for weathered land in the highlands, and then applied the system to obtain the spatial distribution 

of desertification through visual interpretation. Zheng et al. (2018) developed a series of pixel 

based vegetation dynamics stepwise-cluster prediction models to establish the relations between 

NDVI and climate conditions in Three-River Source Region and then predicted the future spatial 

and temporal distribution of vegetation coverage in 2020, 2040, 2060, 2080, and 2100. Sun et al. 

(2019) studied the change process of grassland desertification in Northern Tibet (including the 

Yellow River source area) using NDVI and landscape index, and found that the overall 

improvement in grassland condition was smaller than the restored area during 2001-2015. Zhang 

and Jin (2021) utilized the MODIS NDVI images to investigate the spatiotemporal changes in 

vegetation degradation and restoration in Three-River Source Region (Yellow River, Lancang 

River, and Yangtze River) and then quantitatively identified the contributions of climate change 

and anthropogenic factors. However, most of the above studies applied the single indices (such as 

NDVI) or image classification method to detect or monitor the spatial and temporal change of 

desertification. Due to the fact that the evolution process of desertification was always 

interactively influenced by natural and anthropogenic factors, the single index method could not 

better identify the information of desertification. Similarly, image classification methods can only 

determine the spatial extent of desertification and cannot obtain quantitative information.  

In recent years, feature space model that could consider the interactions between the two 

factors had been utilized to monitor drought and soil salinization. Feng et al.(2018) proposed the 
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Albedo-MSAVI feature space model in which the normalized difference vegetation index (NDVI) 

was replaced by modified soil adjusted vegetation index (MSAVI) and found that the inversion 

accuracy of improved model of soil salinization model had been greatly improved than that of 

previous model. Guo et al. (2020c) introduced five typical surface parameters(surface Albedo, 

vegetation index, salinity index, humidity index, and Iron oxide index) to propose an salinization 

minoring index of Yellow River Delta based on feature space. However, fewer studies about 

desertification based on feature space were reported. Huete et al. (1988) introduced MSAVI to 

indicate the desertification condition to avoid the impacts of soil vegetation background, which 

took complete account of the fundamental soil line problem. Zeng et al. (2005) established the 

difference index model of desertification monitoring by investigating the relationships between 

NDVI, Land Surface Temperature (LST), and desertification index.  Lamchin et al. (2016) used 

NDVI, TGSI and surface Albedo to reflect surface conditions such as vegetation biomass, 

landscape pattern and micrometeorological indices, respectively, and found significant 

relationships between TGSI and Albedo in indicating desertification conditions. Liu et al. (2018) 

found that different degrees of desertification could lead to differences in topsoil texture and then 

applied the topsoil grain size index (TGSI) to evaluate the condition of land degradation.  

However, the above studies on desertification are primarily based on a single index, image 

classification, or comprehensive index method to extract desertification information. At the same 

time, the interaction of several types of surface parameters in the desertification process has been 

ignored (Guo et al., 2020e). 

In this study, five typical indices of desertification were obtained based on Landsat images 

and then introduced to construct ten feature space models. Then the optimal desertification 
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monitoring index based on remote sensing and feature space model in the source region of Yellow 

River was constructed and established. Additionally, the temporal and spatial change patterns of 

desertification and the dominant influencing factors of the desertification changes were explored 

and discussed. 

2. Materials and Methods  

2.1. Study Area 

The source region of Yellow River (95°52′-99°29′E，33°42′-35°20′N (Fig.1)) is 

located on the northeast edge of the Qinghai-Tibet Plateau and is an integral part of the 

Three-River Source Region. The study region is mainly composed of plateau plains, mountains, 

and hilly platforms (Wu et al., 2021). The average elevation is 4029 m and the topography is 

undulating, ranging from 2585 m in the eastern region to 6253 m in the western region (Li et al., 

2011). Furthermore, the climate in the study area is of the semi-arid and alpine climate types, 

with typical inland plateau climate characteristics. The precipitation is scare and concentrated, its 

average value is 312 mm, while the average annual temperature is below -4 °C. Affected by 

topography, the temperature and precipitation in the study region decreased from east to west 

(Zeng et al., 2007; Yuan et al., 2015; Zhang et al., 2021). The eco- environmental problems have 

become prominent in some alpine regions as a result of its unique topography and the influence 

of alpine climate, as well as natural disturbance and human activities in the study region, such as 

grassland degradation, the disorder of grassland ecosystem function, reduction of lakes and 

wetlands, and weakening of water conservation.  
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Fig. 1. Location of the study area and its topographic features. 

2.2. Data source 

The images of Landsat TM/OLI are downloaded from the geospatial data cloud platform 

(available at http://www.gscloud.cn/), with a temporal and spatial resolution of 16 days and 30 m.  

The path/row of the images ranges from 132 to135 and 35 to 37, respectively. A total of 33 

images for 1995 (1994-1996), 2005 (2004-2006), and 2015 (2014-2016) (11 images for each year) 

with the cloud cover less than 10% have been collected during the growing season, especially in 

July and August. The above images were then geometrically corrected and atmospherically 

corrected for the FLAASH model using ENVI 5.3. Datasets of land use (1:100000), GDP density 

(1km) , and population density (1km) are all obtained from the Resource and Environment 

Science and Data Center (RESDC, available at https://www.resdc.cn/). Meteorological station data, 

including daily average temperature and daily precipitation are downloaded from National 

Meteorological Science Data Center (http://data.cma.cn/). The datasets of vegetation types with 

a scale of 1:1000000 are also obtained from RESDC，which are composed of 54 vegetation types, 

including deciduous shrubs, shrubs, evergreen coniferous forest, grasslands, and meadows.     
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2.3. Methods   

2.3.1. Principle of Feature Space   

Feature space is convenient approach to monitor the soil moisture, drought, and soil salinity, 

which is composed of two typical surface parameters that derived from satellites images (Zeng et 

al., 2006; Ren et al., 2014; Guo et al., 2020a). It has provided a better reference for monitoring 

the desertification. NDVI can reflect the spatial distribution intensity of aboveground plant, which 

can better indicate the growth status of plants (Wen et al., 2020). The NDVI would decrease with 

the intensified desertification. Thus, NDVI can be applied to evaluate the degree of 

desertification.  Whereas the surface albedo (Albedo) determines the amount of radiation that 

absorbed by the underlying surface (Ren et al., 2014). The changes of the surface albedo will be 

affected by vegetation coverage, water, soil moisture, and snow cover (Zeng et al., 2006). The 

albedo will increase with the aggravation of desertification that leads to the decreased surface 

water and surface roughness. The Albedo-NDVI feature space has been established by 

considering Albedo as the ordinate and NDVI as the abscissa. As shown in Fig. 2, there is a 

nonlinear relationship between Albedo and NDVI. The upper boundary line A-D line refers to the 

high-Albedo line, which indicates the maximum value of Albedo under certain vegetation 

coverage. The lower boundary line B-C line refers to the low line of Albedo, which demotes the 

minimum value of Albedo under given vegetation coverage. The constructed feature space has 

been enclosed by A, B, C, and D, which contains all the ground objects and shows better spatial 

distribution rule (Pan et al., 2010). 
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Fig.2. Principle of Feature Space (Taking Albedo-NDVI as example).   

2.3.2. Geodetector Model   

Spatial differentiation is one of the basic characteristics of geographical phenomena. The 

Geodetector is an effective approach to detect spatial differentiation and better reveal and 

determine the dominant driving force (Wang et al., 2017). The core concept of this above method 

is that there would be obvious similarity between the above variables in spatial distribution, 

while a dependent variable is significantly influenced by an independent variable. The 

Geodetector is composed of four detectors, namely Ecological detector, Differentiation and 

Factor detector, Risk area detector, Interaction detector. The Differentiation and Factor detector; 

and Interaction detector have been applied in this paper. The Differentiation and Factor detector 

can explore and determine what extend a factor X explains the spatial differentiation of Y. In 

addition, the influence of factor X on factor Y can be measured by q value and its formulas are as 

follows. 

SSW
1 1

SST

hN
q

N
     (1) 

2

2

SSW
1 1

SST

h hN
q

N




   


 (2) 
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2

1

SSW
L

h h

h

N 


  (3) 

2SST N  (4) 

Where hN  refers to the number of units in layer h; H represents the stratification or 

classification of variable Y or factor X (1, …, L); 
2 refers to the variance of y value of the whole 

region; N represents the unit number of the whole region; 
2

h  represents the variance of the Y 

value of layer h; SST and SSW refers to the whole regional variance and the sum of intra-layer 

variance and, respectively.  The value of q ranges from 0 to 1, the larger the value, the higher 

explanatory power of X for the spatial differentiation of Y (Zhu et al., 2018). 

Interaction detector can distinguish and determine the interaction types between different 

factors Xi on Y, that is, evaluate whether the joint action of factors X1 and X2 will strengthen or 

weaken the explanatory power of dependent variable Y, or whether their influences on Y are 

independent from each other. 

3. Construction of desertification remote sensing monitoring model 

based on feature space   

3.1 Calculation of typical surface parameters 

Based on fully considering the ecological environment characteristics of desertification in 

the study area, five typical surface parameters of desertification were selected in this study (Fig.3, 

taking Maduo County as example): NDVI, MSAVI, TGSI, Albedo and LST. Furthermore, the 

quantitative inversion was carried out based on the surface reflectance of Landsat images (after 

atmospheric correction with FLAASH model) utilizing ENVI 5.3 and the formulas(5)-(8) are 

expressed as follows(Zeng et al., 2006; Feng et al., 2018; Guo et al., 2020a). 
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NIR RED NIR REDNDVI ( ) / ( )B B B B    (5) 

2

NIR NIR NIR REDMSAVI (2 1 (2 1) 8( )) / 2B B B B       (6) 

RED BLUE RED BLUE GREENTGSI ( ) / ( )B B B B B     (7) 

1

BLUE RED NIR

SWIR SWIR 2

Albedo 0.356 0.13 0.373

0.085 0.072 0.0018

B B B

B B

  

  
 (8) 

Where BNIR, BRED, BBLUE, BGREEN, BSWIR1, and BSWIR2 refer to the surface reflectance of near 

infrared band, red band, blue band, green band, short wave infrared band, respectively. 

The formulas(9)-(11) for land surface temperature (LST) are as follows (Li, 2020; Wen et al., 2020; 

Wu et al., 2021). 

10LST (1 ) ( (1 ) ) aa C D b C D C D T DT          (9) 

C   (10) 

D (1 )[1 (1 ) ]       (11) 

Where LST refers to the land surface temperature; a, b is coefficient (a=-67.35535, 

b=0.458608),   represents the surface emissivity,  refers to the atmospheric transmittance, T 

10 refers to the radiance temperature of thermal infrared B10(K) of Landsat8 TIRS, is the 

atmospheric average temperature. 
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Fig.3. Spatial distributions of different surface parameters for typical zones of desertification 

(Maduo County) (a) NDVI; (b) Albedo; (c) LST; (d) MSAVI; (e) TGSI. 

3.2. Construction of monitoring model based on feature space   

In this study, ten feature spaces were constructed using the 2D scatter plot tool in ENVI 5.3 

with the five typical surface parameters described above (Figure 4). By analyzing the distribution 

characteristics of different point clusters that corresponded to levels of desertification in feature 

spaces, it could be found that the distance between any point (red point) to the certain point 

(blue point) in the feature space (such as Albedo-MSAVI feature space) could distinguish different 

levels of desertification, and the distance between any point (red point) to the certain line (blue 

line) in the feature space (such as Albedo-LST feature space) could better identify the 

desertification conditions. According to the above rules, ten feature spaces could be divided into 
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two categories: point-to-point mode (MSAVI-TGSI, NDVI-TGSI, MSAVI-NDVI, TGSI-Albedo, 

LST-MSAVI, NDVI-Albedo, TGSI-LST, and LST-NDVI) and point-to-line mode (Albedo-LST, 

MSAVI-Albedo). 

   

   

  
 

 

Fig.4. Ten typical feature spaces of desertification. (a) MSAVI-TGSI; (b) NDVI-TGSI; (c) 

MSAVI-NDVI;(d) TGSI-Albedo; (e) LST-Albedo; (f) LST-MSAVI; (g) NDVI-Albedo; (h) MSAVI-Albedo; 
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(i) TGSI-LST; (j) LST-NDVI. 

For the point-to-point model, this study took LST-TGSI feature space as an example to 

analyze and construct the desertification monitoring model. Five point clusters were selected in 

the feature space to explore the spatial distribution law of different levels of desertification: 

Yellow, no desertification; Cyan, slight desertification; Green, moderate desertification; Blue, 

intensive desertification; Red, severe desertification. As shown in Fig.5, the LST increased with 

the enlarged TGSI. According to the distance from any point to point O (X0, Y0) in the feature 

space, the farther the distance from point O(X0, Y0), the more serious the desertification. 

（a）
O
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L
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TGSI

 

（b）
O
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（d）
O

Maduo County

Intensive Desertification

L
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（e）
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T
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Fig.5. Corresponding point clusters of different degrees of desertification in LST-TGSI feature 
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space for typical zones in Maduo County. (a) No Desertification; (b) Slight Desertification; (c) 

Moderate Desertification; (d) Intensive Desertification; (e) Severe Desertification. 

For the point-to-line model, Albedo-MSAVI was taken as an example in this study to analyze 

and construct this category of model. Five point clusters were selected in the feature space to 

explore the spatial distribution law of different levels of desertification: Yellow, severe 

desertification; Cyan, intensive desertification; Blue, moderate desertification; Green, slight 

desertification; Red, no desertification. There was an obviously negative linear correlation 

between modified soil adjusted vegetation index and surface albedo. As shown in Fig.6, the 

farther the distance between any point to the soil line (L) in the feature space, the more serious 

the degree of desertification. 
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（e）

L

No Desertification

Maduo CountyA
lb

ed
o

MSAVI  

Fig.6. Corresponding point clusters of different degrees of desertification in Albedo-MSAVI 

feature space for typical zones in Maduo County. (a) Severe Desertification; (b) Intensive 

Desertification; (c) Moderate Desertification; (d) Slight Desertification; (e) No Desertification. 

As indicated in Fig.7 (a), the farther the point clusters were from point C, the more serious 

the desertification was. Different levels of desertification could be distinguished utilizing a line 

perpendicular to CD. Therefore, the distance from any point D in the TGSI-LST feature space to 

point O (M, N) can be utilized to distinguish the condition and evolution process of desertification, 

its formula was as follows  

2 2

1LDMI (TGSI-M) +(LST-N)  (12) 

Where LDMI1 is the desertification monitoring index. 

As shown in Fig.7 (b), in the direction that perpendicular to the L line (soil line), the 

Albedo-MSAVI feature space could be divided into several sections, which could effectively 

distinguish different levels of desertification (Wu et al., 2013). According to the point to line 

distance formula, the desertification remote sensing monitoring index model can be obtained as 

follows: 

Albedo= MSAVI+bk  (13) 
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2
2

MSAVI-Albedo+
LDMI =

1+

k b

k


 (14) 

Where LDMI2 represents the desertification monitoring index, k represents the gradient of 

the soil line.  

L
S
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D
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Fig.7. Construction of feature space model (a) Point-to-point model (LST-TGSI feature space); (b) 

Point-to-line model (Albedo-MSAVI). 

3.3. Precision validation 

Based on the above two monitoring models, ten rocky desertification monitoring indices for 

typical zones of desertification in Maduo County were calculated using ArcGIS 10.2(Fig.8). 
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Fig.8. Spatial distributions of desertification based on different feature space models. Point-to 

-point model: (a) MSAVI-TGSI; (b) NDVI-TGSI; (c) MSAVI-NDVI; (d) TGSI-Albedo; (e) LST-MSAVI; (f) 

NDVI-Albedo; (g) TGSI-LST; (h) LST-NDVI.  Point-to-Line model: (i) Albedo-LST; (j) MSAVI-Albedo 

Maduo County was located in the western part of the source region of Yellow river, and its 

climate was characterized by scare precipitation and strong evapotranspiration. Desertification 

and sparse vegetation area were widely distributed in this County, where different levels of 

densification occurred in the north and east parts. Therefore, Maduo County had the most typical 

desertification phenomena over the whole study area. In this study, 144 verification samples 

(30m×30m) were set using Google Earth from different land use types to confirm the spatial 

uniformity and typicality of the selected samples. Then, the visual interpretation method was 

applied to determine the actual desertification levels combined with some field observed data. 

Finally, actual desertification information was utilized to evaluate and compare the applicability 

of ten remote sensing monitoring indexes of desertification. In this paper, the precision index and 

the basic error matrices (Table 1; formulas(15)-(18); Kong et al., 2012; Shi et al., 2018) were 

adopted to test the accuracy of the inversion results.  

j 1

n

i i jC C



                       (15)                                

1

n

j i j

i

C C



                       (16) 

, /u i ii iP C C                       (17) 

, /A j jj jP C C                     (18) 

where Pu,i refers to the user accuracy of inversion category i, PA,j refers to the cartographic 

accuracy of field observed category j , n represents the number of categories, Ci+ represents the 
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sum of the inversion category i, C+j represents the sum of field observed category j, and Cij 

represents the number of the inversion category i, and field observed category j that both occur. 

Table1.  Basin error matrices of different levels of desertification (Taking point-to-point 

MSAVI-TGSI feature space model as an example) 

 

Desertification 

levels 

NO Slight Moderate Intensive Severe Total 

MSAVI-TGS

I  

NO 30 2 0 1 0 33 

Slight 2 40 2 2 0 46 

Moderate  1 2 36 0 0 39 

Intensive  1 0 2 13 1 17 

Severe  0 0 0 2 7 9 

Total 34 44 40 18 8 144 

The overall precision of the point-to-point MSAVI-TGSI feature space model is 87.5%, which 

is the ratio of the sum of correct verification points at each level (126) and total verification 

points (144). As shown in Table 2, the analysis results show that the accuracy of the 

desertification monitoring index based on the point-to-point Albedo-NDVI feature space model is 

the highest, with an overall precision of 88.4 %. 

Table 2 Accuracy Comparison of Monitoring Index Based on Feature Space Models  

Type of Model Feature Space Cartographic Accuracy 

Point-to-Point Albedo-MSAVI 81.2% 

 MSAVI-LST 87.4% 

 LST-NDVI 70.2% 
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 MSAVI-TGSI 87.5% 

 LST-MSAVI 61.4% 

 Albedo-MSAVI 76.4% 

 LST-TGSI 52.3% 

 Albedo-NDVI 88.4% 

Point-to-Line Albedo-LST 62.6% 

 MSAVI-Albedo 75.6% 

4. Desertification Monitoring in the Source Region of Yellow River 

4.1. Spatial Distribution of Desertification during 1995-2015 

Utilizing the optimal desertification monitoring index (Formulas (12)), with the tool of Raster 

Calculator of ArcGIS 10.2 with the point-to-point Albedo-NDVI feature space model, the 

desertification index in 1995, 2005, and 2015 was quantitatively calculated (Fig. 9). As shown in 

Table 3, the percentage of No Desertification area increased from 7.7 % to 17.9 % during 

1995-2015, with an overall upward trend. The percentage of slight desertification area decreased 

from 39.2 % in 1995 to 31.8 % in 2005 and increased to 40.1 % in 2015. Meanwhile, the 

percentage of moderate desertification area rose from 30.2% in 1995 to 38.7% in 2005 and 

decreased to 31.8% in 2015. The percentage of the intensive desertification decreased from 

21.1 % in 1995 to 9.1 % in 2015, showing an obvious downward trend. The percentage of severe 

desertification area decreased from 1.8 % in 1995 to 1 % in 2015. Furthermore, the percentage of 

desertification area in the study region has decreased over the last 20 years, from 92% in 1995 to 

82.31% in 2015, indicating a downward trend overall with a decreased area of 12160.71 km2. 

From 1990 to 2005, the desertification in the central region of the study area is relatively stable. 
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Moreover, the desertification in the eastern and southern parts has increased. After 2005, the 

desertification in the upper reaches of the source region of Yellow River improved gradually, and 

the desertification condition in northwestern Maduo county had been improved obviously.  

  

 

Fig.9. Spatial distribution of different levels of desertification in the source region of Yellow River. 

(a) 1995; (b) 2005; (c) 2015 

Table 3 Area and area percentage of different desertification levels from 1995 to 2015 

Desertification levels 1995 2005 2015 

 Area(km
2
) Percentage(%) Area(km

2
) Percentage(%) Area(km

2
) Percentage(%) 

No Desertification 9181.83 7.78 7120.71 6.04 21097.18 17.91 

Slight desertification 46336.69 39.25 37453.57 31.79 47330.71 40.17 

Moderate desertification 35517.23 30.08 45780.15 38.86 37444.86 31.78 

Intensive desertification 24824.47 21.03 25600.08 21.73 10720.44 9.10 
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Severe desertification 2208.09 1.87 1849.06 1.57 1229.76 1.04 

4.2. Changes in Desertification Intensity 

In order to better show the spatial distribution of desertification change in the recent 20 

years, the change intensity of desertification in different periods was calculated (Fig. 10). As 

shown in Fig.10, there is an overall improvement trend in desertification condition in the study 

area from 1995 to 2005. Zones of aggravated desertification were mainly concentrated in 

western Maduo county. In contrast, the zones of stable desertification are mainly located in the 

eastern and central regions. Meanwhile, zones of improvement desertification had the largest 

area of 43727.81 km2.  From 2005 to 2015, there was an obvious improvement in the 

desertification condition, especially in northwest parts of Maduo county. During 1995-2015, 

about 59 % of the desertification area had been improved, mainly concentrated in the northwest 

and east parts, while 7.5 % of the desertification area had aggravated, especially in northern 

Maduo county. 
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Fig.10.  Change in Desertification Intensity in Different Periods (a) 1995-2005; (b) 2005-2015; (c) 

1995-2015. 

Table 4 Area comparisons of desertification intensity changes  in different levels (Area/km2) 

Periods 

Obvious 

Improvement 

Improvement Stable  Aggravation 

Obvious 

 Aggravation 

1995-2005 11219.22 43727.81 33463.09 24784.73 3912.42 

2005-2015 11644.08 89615.45 9410.85 4958.63 2071.32 

1995-2015 16893.69 52276.80 39076.71 6308.23 2551.36 

4.3. Spatial Distribution of Desertification in Different Vegetation Types 

In order to analyze the relationships between different vegetation types and desertification, 

five typical and most widely distributed vegetation types had been chosen to calculate with the 

tool of Zonal Statistics of ArcGIS10.2. As shown in Fig. 11, except for the alpine grassland, the 

other vegetation types in the study area were mainly dominated by slight desertification. Due to 

the alpine grassland is in high altitude, where the temperature difference between day and night 

was great and the precipitation was scare. Alpine grassland has the highest percentage of serious 

desertification, up to 40%. In addition, compared with the alpine grassland, the alpine meadow 

has more sufficient water conditions, thus the percentages of slight desertification area was 
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higher.  Due to developed roots, strong regeneration ability, and better sand fixation ability of 

shrubs, the percentages of No Desertification area and slight desertification were the largest with 

21 % (deciduous shrubs) and 55 % (shrubs), respectively. Due to the high vegetation coverage and 

a reliable water-heat supply, the overall desertification condition of evergreen coniferous forest is 

relatively light. 

 

Fig.11. Area percentages of desertification levels with different vegetation types.  

5. Factors influencing desertification in Source region of Yellow River 

5.1. Single Factor  

In this study, temperature, precipitation, land use, GDP, and population were selected as 

independent variables X, and the desertification index was selected as dependent variable Y. The 

influences of X on spatial differentiation of Y in 1995, 2005, and 2015 were calculated and 

analyzed by Geodetector (Formulas (1)-(4)). In addition, the influence or explanatory power of 

factor X on factor Y can be measured by q value. 

As shown in Fig. 12, the q values of natural and human factors on desertification in 1995 was 

precipitation > GDP > population density > temperature > land use. The q value of precipitation 
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was the largest with 0.21, which was the dominant natural factor affecting desertification.  

Furthermore, among human factors, the q value of GDP density was the largest  (0.16), followed 

by population density (0.12). Although temperature and land use affect desertification’s spatial 

and temporal distribution, both the q values were small, only 0.1. Between 1995 and 2005, the 

explanatory power of population density continued to outperform that of GDP density and other 

natural factors, and its q value rose to 0.34, making it the dominating factor influencing 

desertification changes. The q value of natural and human factors affecting desertification was 

ranked as population density > GDP density > land use > precipitation > temperature.  

Precipitation was still the dominating natural factor causing desertification with a q value of 0.21.  

From 2005 to 2015, the q value of temperature rose to 0.16, surpassing precipitation and human 

factors and becoming the most critical element determining the desertification index.  The q 

value of natural and human factors affecting desertification was ranked as temperature > 

population density > GDP density > land use > precipitation.  The q value of population density 

was 0.1, which had the largest explanatory power in the human activity factors. 

 

Fig.12. Comparisons of q value for different factors (1995, 2005, and 2015). 
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5.2. Interactive Factors  

As shown in Fig.13, in 1995, all the factors showed nonlinear enhancement, and the 

interaction between different driving factors was analyzed by interaction factor detector (P<0.01).  

The explanatory power of the interactions of different factors was larger than that of the single 

factor.  The orders of interactive factors were temperature ∩ precipitation > temperature ∩ 

population intensity > temperature ∩ GDP intensity > population intensity ∩ precipitation > 

precipitation ∩ GDP intensity > land use ∩ temperature > precipitation ∩ land use > GDP 

intensity ∩ land use > population intensity ∩ land use. The nonlinear enhancement was 

mainly concentrated in the interaction of natural factors in the nonlinear enhancement. The q 

value of precipitation ∩ temperature was the largest with 0.74, followed by temperature ∩ 

population intensity and temperature ∩GDP intensity. The land use ∩ population intensity 

and land use ∩ GDP intensity had smaller q values of 0.33 and 0.42, respectively. 

 

Fig.13. The q values of interactive factors in 1995 (P<0.01) 

As shown in Fig.14, in 2005, the interactive factors of population intensity ∩ GDP intensity, 

population intensity ∩ land use , and GDP intensity ∩ land use showed bilinear enhancement, 
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and the rest showed nonlinear enhancement (P<0.01). The orders of interactive factors were as 

follows: GDP intensity ∩ precipitation > population intensity ∩ temperature > temperature 

∩ precipitation> precipitation ∩ GDP intensity > population intensity∩ land use > GDP 

intensity ∩ temperature > precipitation ∩ land use > population intensity ∩ GDP intensity > 

land use ∩ GDP intensity. From 1995 to 2005, the interaction effects of human factors and 

natural factors were more obvious, and the q value of population intensity ∩ precipitation was 

0.71. The natural interaction of temperature and precipitation was still an important indicator 

affecting the desertification index, with the q value of 0.61. 

 

Fig.14. The q values of interactive factors in 2005 (P<0.01) 

As shown in Fig.15, in 2015, all the interactive factors showed nonlinear enhancement 

(P<0.01), which were ranked as GDP intensity ∩ precipitation > temperature ∩ precipitation > 

population intensity ∩ precipitation > temperature ∩ GDP intensity > population intensity ∩ 

temperature > precipitation ∩ land use > land use ∩ temperature > population intensity ∩ 

land use > population intensity ∩ GDP intensity > land use ∩ GDP intensity. The q values of 

GDP intensity ∩ precipitation and temperature and population intensity ∩ precipitation were 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



larger than that of others. Therefore, the unreasonable development and utilization of the land 

by human beings and livestock farming had obvious effects on land desertification in the study 

region. 

 

Fig.15. The q values of interactive factors in 2015 (P<0.01) 

6. Discussions 

6.1. Advantages of the proposed novel model 

The evolution process of desertification was comprehensively influenced by natural factors 

and human activities (Zhang et al., 2021). However, most previous studies utilized single indices 

method (such as NDVI, MSAVI, TGSI) to indicate and monitor the desertification condition, which 

could not obtain the desertification information with high precision, especially in zones 

comprehensively affected by natural factors and human activities (Meng et al., 2021). In addition, 

some scholars also applied the composite index method to evaluate the regional desertification 

condition, which exaggerated the influences of some factors on desertification and ignored the 

interactions among different evaluating factors (Sharma et al., 2021). Moreover, the image 

classification method could better determine the desertification scope, however, it could not 
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obtain the spatial distribution of quantitative desertification information (Ahmed et al., 2022). 

The feature space model that composed of two typical indices could better demonstrate the 

interactive relationship in 2-D feature space (Ye et al., 2018). In this paper, the novel 

desertification monitoring index based on feature space model provided a new approach for 

obtaining quantitative desertification information, and its average overall accuracy was more 

than 74.0 %. The proposed model above fully considered the complex and interactive influences 

of different surface parameters on the desertification process (Chen et al., 2021). Based on the 

point-to-point Albedo-NDVI feature space model, the remote sensing monitoring index has good 

applicability to detect the desertification condition, with an accuracy of 88.4 %, which had higher 

inversion accuracy than the proposed models of Pan and Qin, (2010) and Wu et al. (2019), with 

an accuracy of 82.0% and 75.9%, respectively. The reason is that NDVI could better indicate the 

surface vegetation growth and vegetation coverage information (Yang et al., 2007; Wu et al., 

2019). In desertification zones, the above ground vegetation could effectively intercept 

suspended particles in aeolian sand flow and form sedimentation (Feng et al., 2021). Then, the 

underground plant roots would fix the sand particle to restrain the development of 

desertification (Wang et al., 2020). The sparser the surface vegetation distribution and the lower 

the NDVI, the more severe the desertification. Surface albedo is an important indicator of the 

radiation characteristics of the plant's underlying surface, which determines the amount of 

radiation absorbed by the underlying surface (Zhang et al., 2018). Surface conditions, such as 

vegetation cover, soil water content, snow cover would affect the change in Albedo value (Tang et 

al., 2001; Zhang et al., 2011). The combined utilization of the two above surface parameters 

could better reflect the evolution process of desertification than single indices. However, there is 
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a nonlinear relationship between Albedo and NDVI (as shown in Fig.4 (g)). Therefore, 

comprehensive method would not consider the interactions of the above two factors on 

desertification. 

In addition, the inversion accuracy of monitoring indexes of point-to-point MSAVI-LST and 

MSAVI-TGSI feature space model is also high, with 87.4 % and 87.5 %, respectively. The main 

reason is that MSAVI could consider the bare soil line and increased the dynamic range of 

vegetation information, which would eliminate the influence of soil background on vegetation 

index, and could better reflect the vegetation condition in low coverage areas (Yan et al., 2009).  

In addition, bare land or low vegetation coverage is widely distributed in the middle and west of 

the source region of Yellow River. The bare land or sand has smaller heat capacity than water or 

vegetation (Sun et al., 2019). The surface temperature of bare land would be higher than that of 

fully covered land under the same imaging conditions. Therefore, LST is also a useful indicator of 

desertification (Guo et al., 2020a). Meanwhile, topsoil grain size index could better reflect the 

sand content percentage of topsoil. With the aggravation of the desertification, the particle size 

of the topsoil would become rougher and the content percentage of sand became larger (Zhang 

and Jin, 2021). Thus, TGSI is also a better indicator to reflect the conditions and changes of 

desertification. Based on remote sensing, the combination of MSAVI, LST, and TGSI would 

enhance the inversion accuracy of desertification monitoring. Wei et al. (2018) had utilized the 

MSAVI, LST, and TGSI to establish the feature space models of Albedo-NDVI, Albedo-MSAVI, and 

Albedo-TGSI to monitor the desertification condition of the Mongolian plateau. However, these 

above proposed models had ignored the non-linear relationships among MSAVI, LST, and TGSI, 

which caused lower overall inversion accuracy (84.5%, 85.6, and 88.2) than that of our 
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investigation. Moreover, Wu et al. (2019) had directly applied the Albedo and MSAVI to monitor 

the desertification of Shengli mining area, which did not consider the applicability of indicators, 

and its overall precision was 75.9%. 

Due to the fact that the desertification inversion accuracy of the feature space model 

depended on the accurate calculation of typical surface parameters, it is necessary to select the 

optimal images with appropriate observation time according to the land surface cover types 

(Zheng et al., 2018). The average inversion accuracy of the models based on images in growing 

season (75.3%) were higher than that of images in spring(65.3%) and winter (60.1%)(Guo et 

al.,2020a). In addition, the spatial distributions of impervious surface in some feature spaces 

(such as MSAVI-LST and Albedo-LST) are similar, which would reduce the inversion accuracy of 

desertification information. The inversion accuracy of the above two feature space model would 

be improved by 16.8% when the impervious surface such as residential area, industrial and 

mining land had been removed (Wei et al., 2018). 

6.2. Dominant driving factors of the desertification changes during different periods 

The desertification condition of the source region of Yellow River belonged to moderate 

level, which is the result of comprehensive actions of climate change and human activities (Shen 

et al., 2018). Zones with intensive and severe desertification are mainly distributed in Qumalai 

and Maduo and it is due to the fact that the climate is characterized by scare precipitation, larger 

dryness and strong wind, which lead to widely distributed bare land or low vegetation coverage 

area (Kong et al., 2012). Meanwhile, the desertification of the junction zones of Gande-Dari-Jiuzhi 

-Banma is severe, which is consistent with the results of Zhang et al. (2018).  The main reason is 

that unreasonable human activities, such as overgrazing, urbanization and excessive cultivated 
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land reclamation, cause the degradation of a large area of grassland (Zhang and Jin, 2021). During 

1995-2005, the desertification condition shows an overall improvement in the study region, 

which is consistent with the investigation of Wang et al. (2020). This is due to effective 

implementation of the protection project and afforestation project of Sanjiangyuan, which 

obtained important achievements (Ye et al., 2018). The vegetation coverage is greatly improved 

and the biodiversity has also increased. Moreover, there is an increased trend of precipitation 

and the hydrothermal condition had been improved largely, which is conducive to the vegetation 

restoration.   

With the increased disturbance intensity of climate change and human activity, the 

dominant influence factors of desertification evolution process has changed. However, most 

previous studies focused on the driving factor analysis of desertification for certain period, the 

change law of dominant influence factors was fewer reported (Guo et al., 2020b). For single 

factor analysis, from 1995 to 2005, natural factors were the dominant factors affecting the spatial 

distribution of desertification in the study region, followed by land use, GDP density, population 

density, and other human factors (Chen et al., 2021). During this period, increased precipitation 

and temperature had greatly contributed to the improvement of the desertification, while the 

human activity (such as overgrazing and urbanization) exacerbated the process of desertification 

to some extent (Yuan et al., 2015). After 2005, human activities had gradually weakened the 

dominant role of natural factors in the evolution process of desertification. There is an increasing 

trend of explanatory power of population intensity, GDP intensity, and land use. The 

implementation of the Sanjiangyuan Reigion protection project and afforestation project have 

greatly improved vegetation cover and ecological diversity.  
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However, the explanatory power of independent natural factor and human factor is weaker 

than that of the interaction among factors, which is consistent with the studies of Chen et al 

(2021).  The spatial distribution of desertification has formed by the combined effects of natural 

factors and human factors (Guo et al., 2020e). In 1995, the dominant interactive factor was 

temperature∩precipitation (0.74), followed by temperature∩population intensity(0.67) and 

temperature∩GDP intensity (0.66). In this period, temperature∩other factors play an important 

role in the evolution process of desertification. In 2005, the precipitation ∩  population 

intensity had the largest q value of 0.71, followed by that of temperature∩population intensity 

and temperature∩precipitation. Due to the implementations of the project of returning 

farmland to forest and grassland and the protection project of the Three-River Source Region, 

human activity gradually weaken the influences of climate factor (Li et al., 2011). However, the 

temperature and precipitation still greatly contribute to the desertification change. In 2015, the 

GDP intensity∩precipitation had the largest explanatory power of desertification evolution 

process, while that of population intensity∩precipitation and temperature∩GDP intensity was 

larger.  With the urbanization and implementations of ecological environment protection 

measures, human activity has become the dominant factors of desertification process.  

7. Conclusions 

Based on Landsat images, this paper proposed and constructed the optimal desertification 

monitoring index based on feature space. Then the evolution process of the desertification in the 

study region and its driving factors were analyzed. The main conclusions are as follows: 

(1) The desertification monitoring index based on the feature space model has better 

application in obtaining desertification information on large-scale regions. The point-to-point 
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Albedo-NDVI model has the highest accuracy with 88.4 %, followed by that of the point-to-point 

MSAVI-TGSI model with 87.5 %.  

(2) From 1995 to 2015, the desertification showed an overall improvement trend. The 

percentage of desertification areas decreased from 92 % in 1995 to 82.31 % in 2015. 

(3) During 1995-2015, the desertification in the central part of the study region was 

relatively stable, and the desertification condition in the eastern and southern parts showed an 

aggravation trend. After 2005, the desertification condition showed an overall improvement 

trend, especially in Maduo county. 

(4) During 1995-2015, the natural factors were the dominant factors in influencing the 

spatial distribution of desertification, but after 2005, human activities became the primary 

factors that aggravated or improved the condition of desertification. 

(5) The explanatory power of the interaction of natural factors and human factors on 

desertification is larger than that of independent natural factors or human factors. During the 

past twenty years, human activity had become the dominant factor in the evolution process of 

desertification. 

Based on feature space, a novel desertification monitoring index has been proposed to 

reveal the spatial and temporal change law of desertification process. However, the physical 

mechanism of the interactions among different factors is unclear. Moreover, the desertification 

changes are comprehensively influenced by more than three natural or anthropogenic factors. 

Therefore, the interactive relationships among three or more factors in 3D or n-D feature space 

are urgent to explore in future studies.   
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Highlights 

1. A novel remote sensing monitoring index of desertification based on feature space model has 

been proposed; 

2. The point-to-point Albedo-NDVI feature space model has the best inversion precision of 

88.4 %; 

3. Human disturbance had gradually become the dominant factors;   

4. The explanatory power of the interaction of natural factors and human factors was greater than 

that of any individual one. 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof


