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Abstract

:

Desertification is of significant concern as one of the world’s most serious ecological and environmental problems. China has made great achievements in afforestation and desertification control in recent years. The climate varies greatly across northern China. Using a long-time series of remote sensing data to study the effects of desertification will further the understanding of China’s desertification control engineering and climate change mechanisms. The moist index was employed in this research to determine the climate type and delineate the potential occurrence range of desertification in China. Then, based on the Google Earth Engine platform, MODIS data were used to construct various desertification monitoring indicators and applied to four machine learning models. By comparing different combinations of indicators and machine learning models, it was concluded that the random forest model with four indicator combinations had the highest accuracy of 86.94% and a Kappa coefficient of 0.84. Therefore, the random forest model with four indicator combinations was used to monitor desertification in the study area from 2000 to 2020. According to our studies, the area of desertification decreased by more than 237,844 km2 between 2000 and 2020 due to the impact of human activities and in addition to climatic factors such as the important role of precipitation. This research gives a database for the cause and control of desertification as well as a reference for national-scale desertification monitoring.
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1. Introduction


Desertification is the degradation of land in arid, semi-arid, and dry sub-humid zones induced by various factors, including climatic variations and human activities [1]. Land desertification has become one of the world’s most severe ecological and environmental issues. Desertification encompasses around 41% of the world’s geographical area (including hyper-dry regions) while affecting more than 38% of the worldwide population [2]. Northern China, with scarce precipitation and a dry climate, has eight deserts and four sandy areas, covering an area of 1.28 million km2, and accounting for 13% of the national territory. Serious desertification not only affects the local ecological environment but undermines China’s economic development and social stability [3,4]. Therefore, it is imperative to precisely track the dynamic shifts of desertification and comprehend its progression to provide the foundation for desertification control.



Desertification is a long-time series, large-range, and multi-scale natural disaster phenomenon [5]. Traditional monitoring methods are time-consuming, laborious, and easily influenced by subjective factors, making it difficult to monitor the dynamic changes of land desertification on a large scale. The rapid development of remote sensing and image recognition technology has greatly improved the efficiency of desertification information acquisition, making it possible to monitor desertification over large areas for long periods of time [6]. However, issues persist with traditional remote sensing in the management and application of large data sets [7]. Google Earth Engine (GEE) was created in response to the challenges posed by the acquisition, storage, analysis, transmission, and visualization of remote-sensing big data [8,9]. GEE is a comprehensive platform for scientific analysis and visualization of geographic information data, making earth observation research easier and faster. Landsat, MODIS, NOAA AVHRR, Sentinel 1, 2, and 3, and ALOS data can be expediently used in the GEE [10]. This platform is unique in the field as it is integrated and enables rapid batch processing of image data, lowering the cost and complexity of geospatial data analysis [11], and can be used to solve a wide range of social issues such as climate, environment, disasters, and diseases [12].



This study intends to investigate the impact of desertification in northern China using MODIS data based on the Google Earth Engine platform and provide feasibility for large-scale and long-time series desertification monitoring. The minimum distance, classification and regression tree, support vector machine, and random forest were used to monitor the desertification situation in northern China. Then, taking the most precise classification approach and band combinations, we analyzed the spatial and temporal dynamics of desertification in northern China from 2000 to 2020 and explored the driving factors. Specifically: (1) Delineating the climatic zoning of desertification in China using the moist index to determine the potential occurrence extent of desertification. (2) Monitoring desertification in northern China from 2000 to 2020 by selecting different combinations of machine learning models and desertification indicators based on the Google Earth engine. (3) Analyzing the spatial and temporal dynamics of desertification in northern China from 2000 to 2020 and its driving factors.




2. Materials and Methods


We initially identified the climate type of China based on temperature and precipitation data to determine the potential range of desertification occurrence in our study area. Then we used MODIS products to calculate albedo, LST, NDVI, and TGSI in the growing season (May–October) as desertification monitoring indicators; the different combinations of indicators were put into four machine learning models for desertification monitoring. We then compared the model accuracy of different combinations of indicators and selected the best combination and model for spatiotemporal dynamic monitoring research, and finally analyzed the driving factors of desertification. The flowchart of this study can be seen in Figure 1.



2.1. Study Area


According to the definition of desertification, the potential occurrence range of desertification is determined according to the climate zone. In the United Nations Convention to Combat Desertification, the moist index is used to determine the climate type, and the potential occurrence of desertification is defined in arid, semi-arid, and dry sub-humid zones as having a moist index (MI) greater than 0.05 and less than 0.65 [13]. The moist index is the ratio of annual precipitation to potential evapotranspiration. Desertification in China extends to not only arid, semi-arid, and sub-humid arid areas but also hyper-arid areas [14,15,16,17]. In this paper, potential evapotranspiration is calculated according to the Thornthwaite method to classify climate types [18,19,20,21]. The potential evapotranspiration of Thornthwaite is calculated as follows:


  P E = 16 ·   ( 10 T / I )  α   



(1)






  α = ( 0.675  I  3 −   77.1  I 2  + 17920 I + 492390 ) ×   10   − 6   ,  



(2)






  I =   ∑   i = 1   12      (  T / 5  )    1.514   ,  



(3)




where PE is the potential evapotranspiration (mm), T is the monthly average temperature (°C), and α is a complex function calculated by I. This calculation method is applicable to areas where the monthly average temperature T is between 0 °C and 26.5 °C. When T is less than or equal to 0, the PE value is 0, and when T is greater than 26.5 °C, PE is calculated by the following formula:


  P E =  α 1  +  α 2  T +  α 3   T 2   



(4)




where T is the monthly average temperature (°C), α1 value is −415.8547, α2 value is 32.2441, and α3 value is −0.4325. PE needs to be adjusted for latitude with the formula:


  A P E = P E × C F  



(5)




where APE is the adjusted potential evapotranspiration (mm), and CF is the correction value, which is calculated based on the number of sunshine hours at different latitudes, taking into account the geographical differences in surface radiation intensity and duration [19,22,23]. The calculation formula is:


  C F =    T S    360      



(6)




and TS stands for local month-by-month sunshine hours, where 360 means 360 h of sunshine per month based on 12 h of sunshine per day for 30 days per month. For convenience, some scholars have created a look-up table to facilitate the calculation (Table 1).



Since the CF value look-up table is discontinuous, this study fits the raster data with spatially continuous CF values by establishing a linear regression relationship between CF and latitude. January is taken as an example (Figure 2).



The annual evapotranspiration data from 2000 to 2020 were calculated using the above method, and then the annual precipitation was divided by the annual evapotranspiration to obtain the annual moist index; the annual climatic zones were divided according to the threshold values specified in the United Nations Convention to Combat Desertification. To acquire the final climate zone data, the data from 2000 to 2020 were averaged, and the hyper-arid, arid, semi-arid, and dry sub-humid zones were utilized as our study area (Figure 3).



The study area is located in northern China, including most parts of Xinjiang, Inner Mongolia, and Gansu. It also includes Tibet, the northwestern part of Qinghai, and some areas in the southern part of Hebei province. The topography of the study area is diverse, with an overall distribution pattern of highs in the west and lows in the east. Mainly mountains and basins reside in the west, plateaus in the center, and plains in the east. Most of the study area is located inland with low precipitation, and the general trend shows an increase from west to east. The number of sunshine days is above 2500–3000 h throughout the year. The vegetation types in the study area are diverse, with a trend toward semi-desertified and desertified vegetation, grasslands, and forests from west to east. Most of the area is dominated by desert and desertified grassland.




2.2. Data and Preprocessing


Albedo data—Albedo is the ratio of reflected solar radiation to incident solar radiation at the Earth’s surface and is one of the most important parameters affecting the biosphere and climate processes [24,25]. In this study, the MODIS MCD43A3 V6 product was used to acquire albedo data, which provides daily albedo at a 500 m spatial resolution, thus allowing more seasonal vegetation dynamics and rapid surface changes to be obtained [26]. It provides directional hemispheric reflectance (black-sky albedo) and bidirectional hemispheric reflectance (white-sky albedo) for each surface reflectance band of MODIS (band 1 to band 7), as well as for three broad spectral bands (visible, near-infrared, and shortwave). In this study, the white-sky albedo in the short-wave band was used [6].



Land Surface Temperature data—LST is an important geophysical parameter that plays an important role in the process of earth-air material exchange [27]. We used the MOD11A2 V006 product to calculate the land surface temperature. The MOD11A2 product is formed by averaging all LST observations of the MOD11A1 product under clear sky conditions for 8 days, with a spatial resolution of 1 km and a temporal resolution of 8 days [28]. We converted to Celsius using Equation (7):


  L S T  ( ° C )  = D N × 0.02 − 273.15  



(7)







Normalized Difference Vegetation Index—NDVI is widely applied in vegetation growth, climate change, and drought monitoring [29,30]. In this study, NDVI was calculated using the MODIS MOD13A1 product, which provides a 16-day composite NDVI product with a spatial resolution of 500 m [31]. The calculation equation is shown in (8):


  N D V I =   N I R − R   N I R + R    



(8)




where NIR is the near-infrared band and R is the red band.



Topsoil Grain Size Index—TGSI was developed based on field investigations of the spectral reflectance of the soil surface and laboratory analysis of the particle size composition of the soil [32], and used to detect topsoil texture or grain size. Vegetation and water bodies are negative or close to 0, and areas covered by fine sand (deserts) with TGSI values are close to 0.20 [33,34]. In this study, TGSI was calculated using the MCD43A4 product, which provides adjusted reflectance in the terrestrial band 1–7 with a temporal resolution of 1 day and a spatial resolution of 500 m and can be used to monitor surface dynamics [35]. TGSI was calculated as follows:


  T G S I =   R − B   R + B + G    



(9)




where R, B, and G represent the red, blue, and green bands, respectively.



The above data were averaged from the vegetation growing season (May–October) as annual data, and the study covers the period 2000–2020. The data used in this study are shown in Table 2.




2.3. Machine Learning Models


2.3.1. Classification System and Samples


According to the existing desertification classification system, we classify desertification in northern China into five categories: extremely severe, severe, moderate, light, and none [36]. We combined Google Earth and Landsat-8 imagery to select 1000 sample points (Figure 4), and the rules followed for sample point selection for each type are shown in Table A1. 70% of the sample points were randomly taken as training samples, and the remaining 30% as validation samples in the Google Earth Engine, which were put into four machine learning models for desertification monitoring in the study area [11].




2.3.2. Machine Learning Models


Minimum distance—The minimum distance method is popular in image classification since it is straightforward in theory and quick to compute [37]. It is a nonparametric classifier that assigns the pixels to be classified to the class that is closer to the sample mean in terms of the spectrum after collecting the mean vectors of each class from the training data [38].



CART—The classification and regression tree is a recursive algorithm in data mining that analyzes the structure of a set of data to develop decision rules to predict categorical and continuous variables [39]. CART develops the tree by splitting the training sample set into subsets in a binary recursive partitioning process based on attribute-value testing and then repeating this process on each derived subset. The tree stops growing when the subsets cannot be split further [40].



Support vector machine—SVM is a supervised classifier based on statistical theory that can correctly partition the training data set and find the geometrically separated hyperplane with the largest interval, thus separating the two classes of samples [41].



Random forest—Random forest is an algorithm that integrates multiple trees through the bagging idea of integrated learning [42]. It contains two crucial methods: random feature subspace and out-of-bag estimation. The former enables faster tree construction, while the latter allows assessing the relative importance of each input feature [43]. In brief, random forests are made up of a series of categorical or regression trees that recursively partition a set of explanatory variables to predict the values of categorical or continuous response variables [44].





2.4. Accuracy Verification


In this study, we took albedo, LST, NDVI, and TGSI as desertification monitoring indicators, and rated the accuracy of different models based on 44 combinations of different indicators. To compare the accuracy of various models, we used the overall accuracy (OA) and the Kappa coefficient. The OA is usually expressed as a percentage of the correct classification of the reference sample, and the Kappa coefficient is a statistical measure to evaluate the overall reliability between the classification and the reference of the multi-source data product [45].


  O A =   ∑   i = 1   i = 5    X  i i   / N  



(10)






  K a p p a =   N   ∑   i = 1   i = 5    X  i i   −   ∑   i = 1   i = 5    (   X  + i   +  X  i +    )     N 2  −   ∑   i = 1   i = 5    (   X  + i   +  X  i +    )    ,  



(11)







The equation terms are as follows: N is the sum of the number of samples;    X  i i     denotes the number of samples in row i and column i; and    X  + i     and    X  i +     represent the sum of row i and column i, respectively.



In addition, we used the 2010 land desertification dataset from the Northwest Arid Region of China to validate our 2010 desertification data. This dataset was provided by the National Cryosphere Desert Data Center (http://www.ncdc.ac.cn, accessed on 17 January 2023). The data is supported by the National Key Basic Research Development Program (973 Program) of the Arid Zone Oasis and Desertification Characteristics and their Spatial and Temporal Patterns project. This data is based on Landsat MSS and TM/ETM data, using human-computer interactions to extract desertification land information; the actual qualitative accuracy of the interpretation was verified by post-sampling to be over 95%. We used this data as validation data to construct a confusion matrix with our 2010 desertification data and measured the accuracy using the overall accuracy and Kappa coefficient.





3. Results


3.1. Accuracy of Machine Learning Models with Different Combinations of Metrics


By evaluating the accuracy of different machine learning models with 44 indicator combinations, we found that the random forest classification method with four indicator combinations had the highest accuracy, with an overall accuracy of 86.94% and a Kappa coefficient of 0.84. According to Table 3, we believe that the random forest has the highest classification accuracy, followed by the CART, support vector machine, and minimum distance method in decreasing classification effects, respectively. In addition, we conclude that the accuracy of the four indicator combinations is generally higher than that of the three indicator combinations and higher than that of the two indicator combinations. However, we also found that the ALT accuracy of the three indicator combinations was the lowest and even lower than some of the two indicator combinations. The higher precision of AN and NT in the two indicator combinations reflects that the NDVI contributes a lot to desertification monitoring and also indicates that vegetation growth has a greater influence on desertification.



We intercepted a typical area to analyze the desertification situation, classified by different models. From Figure 5, the minimum distance method and support vector machine are shown to be less effective in classification; they have an overestimation of the desertification degree, the classification is rough, and the classes are easily indistinguishable from each other. The classification effects of CART and the random forest are better than the above two categories, but CART mistakenly but easily classifies non-desertification as light desertification.




3.2. Accuracy Verification by the Data Set


We used the 2010 Northwest Arid Lands desertification dataset provided by the National Cryosphere Desert Data Center to help validate the accuracy of our 2010 desertification data. An appropriate number of sample points in each desertification category (extremely severe, severe, moderate, and light) of this dataset were selected for comparison with our data. The distribution of sample points is shown in Figure S1. Table 4 shows the confusion matrix of this dataset with our data for accuracy validation. The results show that the overall accuracy of the data is 72.8%, with a Kappa coefficient of 0.63.



Where ES represents extremely severe desertification, S represents severe desertification, M represents moderate desertification, and L represents light desertification.In general, the accuracy is relatively good, but there are some areas of severe desertification classified as extremely severe, and some areas of moderate desertification are classified as severe or moderate. We believe that these differences in classification are mainly due to the differences in the judgment criteria for the degree of desertification during visual interpretation.




3.3. Spatial and Temporal Distribution Characteristics of Desertification


3.3.1. Changes in the Spatial Distribution of Desertification


We monitored desertification in the study area from 2000 to 2020 using a random forest model with a combination of four bands (albedo, LST, NDVI, and TGSI). We used change detection to explore the spatial variability of desertification. Change detection captures spatial changes attributed to anthropogenic or natural phenomena from multi-temporal satellite images. Change detection is important in the study of environmental and land-use change [46,47]. In this study, four periods, 2000–2005, 2005–2010, 2010–2015, and 2015–2020, were monitored for desertification to analyze the changes of desertification in northern China in a more visual manner. We clearly show (Figure 6) that the change of desertification of northern China is mostly mitigated during all the four periods, with a slight increase in a few areas. In 2000–2005, northern Tibet was slightly aggravated; in 2005–2010, some areas of eastern Inner Mongolia were worsened; in 2010–2015, a small part of northwestern Xinjiang was significantly exacerbated; and in 2015–2020, only northeastern Xinjiang was slightly intensified, while the rest were mostly alleviated.




3.3.2. Interannual Variation of Desertification


To clarify the changes in desertification in the study area, we counted the area of land with different degrees of desertification for each year from 2000 to 2020 (Table S1). In general, from 2000–2020, moderate, severe, and extremely severe of the total area of desertified land all decreased. The total area of desertified land decreased by more than 237,844 km2, and only light desertification increased. However, there are also great fluctuations in the area of desertified land with different degrees between different years, which we believe is due to the interannual variation of monitoring indicators.



We studied the interannual variability of four monitoring indicators (albedo, LST, NDVI, and TGSI) (Figure 7). We found that NDVI showed a negative correlation with desertification, and when the fluctuation of NDVI showed a trough (where the value of NDVI was relatively small), the desertification in the study area was relatively severe, corresponding to the peak of the fluctuation in the desertification area. Whereas, albedo showed a positive correlation with desertification, and when the fluctuation of albedo was located in the peak (where the value of albedo was relatively large), the desertification situation in the study area was relatively severe, and the fluctuation of the desertification area was also located in the wave peak. TGSI showed some positive correlation corresponding with the desertification situation in some extreme years (2004, 2006, 2014, and 2020). However, the fluctuation of LST showed no significant relationship with the change of desertification.






4. Discussion


4.1. Theil–Sen Median Slope Estimation and Mann–Kendall Trend Analysis for Long-Time Series


The Theil–Sen Median method, also known as Sen slope estimation, is a robust nonparametric statistical method of trend calculation for trend analysis of long-time series data. The formula is as follows:


   β k  = m e d i a n    X j  −  X i    j − i      (  k = 1 , ⋯ N  )   



(12)




where Xj and Xi represent the values of time j and i (j > i), respectively. Sen’s slope is obtained by taking the median value of these N values of βk.



The Mann–Kendall (MK) test is a nonparametric time series trend test in which the data need not obey a specific distribution and are not affected by outliers [48]. It is suitable for testing the trend significance of long-time series data. The calculation formula is as follows:


  S =   ∑   i = 1   n − 1     ∑   j = i + 1  n  s g n  (   X j  −  X k   )   



(13)




where Xj and Xi represent the values of time j and i (j > i), and n is the length of the time series. The sgn term represents the following sign function:


  s g n  (   X j  −  X k   )  =  {      + 1 ,   (  X j  −  X i  > 0 )       0 ,    (   X j  −  X i  = 0  )        − 1 ,   (  X j  −  X i  < 0 )        



(14)






  Z =  {        S − 1     V a r  ( S )      ,       S > 0               0 ,                     S = 0         S + 1     V a r  ( S )      ,       S < 0        



(15)






  V a r  ( S )  =  1  18    [  n  (  n − 1  )   (  2 n + 5  )  −   ∑   p = 1  q   t p   (   t p  − 1  )   (  2  t p  + 5  )   ]   



(16)




where n is the number of data, q is the number of tied groups, and tp denotes the number of ties of extent p. The significance level α = 0.05 is given in this paper, when    | Z |  >  Z 1  − α / 2  , the original hypothesis is rejected and the trend is considered significant.



By examining the changes in desertification trends over a long-time series (Figure 8), we found that desertification mitigation was significant. However, this trend is mostly localized, so we believe that human activities play a major role in the mitigation of desertification in northern China.




4.2. Driving Forces of Desertification Change


Human activities such as overgrazing, cultivation, and deforestation tend to cause land-use change and thus desertification [49,50]. However, climate change also has an impact on desertification by mainly changing the spatial and temporal patterns of temperature, rainfall, and wind [51]. Therefore, we monitored land use and climate change in our study area to explore the drivers of desertification change.



4.2.1. Land-Use Changes


Land-use change is the process of regional land-use transformation from one form to another. We studied 2001 and 2020 using MODIS MCD12Q1 land-use data, which divides land types into 17 categories [52]. We merged the relevant categories and eventually simplified them into nine different land types for land-use change studies. We used the transfer matrix (Table S2) to measure dynamic information on land-use changes over time [53] and produced a map of land-use transfers (Figure 9). We found that from 2001–2020, the desert area was reduced by 117,919 km2, mostly converted to grassland. In addition, 12,583 km2 of farmland was converted to grassland. These conversions are mainly due to the Chinese government’s policy of returning farmland to forests and grasses after the year 2000 [54]; the project targets sloping arable land prone to soil erosion, arable land prone to land sanding, and arable land with low and unstable grain yields by planting them with forests and grasses according to local conditions. Thus acting as a sand fixation, effectively mitigating desertification in northern China.




4.2.2. Changes in Climate Drivers


Several studies have shown that human activities play a large role in the changes of desertification in China [11,55,56], which is consistent with our study. However, climate change also plays a very important role in desertification by affecting vegetation growth and the physicochemical properties of soil [57,58]; therefore, its change characteristics also need to be explored. We counted the changes in the degree of desertification in areas with unchanged land use (Table 5) and found that the degree of change of desertification is also significant in areas with unchanged land use, much of which is due to climate change.



We mainly analyzed the average annual precipitation, average temperature, average potential evapotranspiration, and average wind speed in northern China to study the climatic drivers of desertification. In Figure 10, the year-to-year variation of various climatic factors in the study area is shown. We found that the fluctuations in temperature and potential evapotranspiration were generally consistent, but they did not seem to correlate well with desertification area. Precipitation and desertification area have some negative correlation, and in some years with low precipitation (2001, 2006, 2009, 2014, and 2020), desertification area is relatively larger. While the overall fluctuation of wind speed is not great, it can also be seen that wind speed has some positive correlation with desertification area, and in the years with higher wind speeds (2000, 2006, 2009, and 2016), desertification area is also relatively larger. However, we still need to conduct specific data analysis for the specific correlation.



We tested the correlation between each climatic factor and desertification area. In Table 6, the Pearson correlation coefficients and the significance of each climatic factor with desertification area is shown. We found that the Pearson correlation coefficient between precipitation and desertification area is −0.57, which is moderately negatively correlated. The Pearson correlation coefficient of wind speed and desertification area reached 0.856, which is a strong correlation; the significance level is less than 0.05, which indicates a significant correlation with the desertification area. The correlation of temperature and evapotranspiration with desertification area is low, which is also consistent with our analysis above. Overall, desertification is the result of the combined effects of several factors.






5. Conclusions


In this study, we determined the potential occurrence range of desertification in China based on meteorological data, calculated desertification monitoring indicators (albedo, LST, NDVT, and TGSI) using MODIS data based on the Google Earth Engine platform, and used four machine learning models (minimum distance, SVM, CART, and random forest) for desertification monitoring. The results showed that the accuracy of both the random forest model and CART with the combination of the four indicators is good, but the accuracy of the random forest is somewhat higher with an overall accuracy of 86.94% and a Kappa coefficient of 0.84. We used the random forest to monitor the desertification in northern China dynamically for the past 21 years and found that there are some fluctuations between years, but the overall trend of desertification in northern China is decreasing from 2000–2020. By examining the drivers of desertification change, we found that climate change and human activities have jointly led to changes in desertification conditions in northern China. Among them, human activities, especially ecological restoration projects implemented by the Chinese government, have greatly reduced the level of desertification. Meanwhile, climate change in the past two decades has also contributed to the reduction of desertification levels. In addition, this study did not carefully consider the effects of increasing NDVI values and surface greening due to climate factors such as CO2 and carbon deposition in the last 20 years and also did not consider growing seasonal changes, all of which may affect the accuracy of desertification change in northern China, but overall did not prevent us from concluding that desertification is decreasing in northern China. In future studies, we will include field validation data to improve the credibility of the dataset. We will also introduce higher resolution land-use classification data to further understand the role of the Chinese government’s ecological restoration projects in the process of desertification mitigation, as well as increase the analysis of the uncertainty of desertification change attributed to climatic and other factors.
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Table A1. Characteristics of different desertification types.






Table A1. Characteristics of different desertification types.





	Desertification Type
	Image Characteristics
	Google Earth
	Landsat-8





	Extremely severe desertification
	The surface morphology is mostly sand dunes and Gobi, with almost no vegetation and white or yellowish tones on Landsat images.
	[image: Remotesensing 15 01368 i001]
	[image: Remotesensing 15 01368 i002]



	Severe desertification
	Semi-fixed, semi-fluid dunes with sparse vegetation, mainly white and yellow with some red patches on Landsat images.
	[image: Remotesensing 15 01368 i003]
	[image: Remotesensing 15 01368 i004]



	Moderate desertification
	The surface morphology is mostly mobile or semi-fixed sand with vegetation distribution. Landsat images show interspersed red and white patches.
	[image: Remotesensing 15 01368 i005]
	[image: Remotesensing 15 01368 i006]



	Slight desertification
	The surface morphology is mostly vegetated, with floating sand accumulations in the vegetation. On Landsat images, yellow and creamy white patches are scattered in patches of deep red.
	[image: Remotesensing 15 01368 i007]
	[image: Remotesensing 15 01368 i008]



	None desertification
	Surface morphology is overwhelmingly vegetated, with large areas of red on Landsat images.
	[image: Remotesensing 15 01368 i009]
	[image: Remotesensing 15 01368 i010]
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Figure 1. The total flowchart of this study. MD, SVM, CART, and RF stand for minimum distance, support vector machine, classification and regression tree, and random forest, respectively. LST is land surface temperature, NDVI is normalized difference vegetation index, and TGSI is topsoil grain size index. 
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Figure 2. CF-fitted data for January. The left panel shows the linear regression relationship between CF values and latitude, and the right panel shows the fitted spatially continuous CF raster data. The CF values show a negative correlation with latitude. 
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Figure 3. The study area. Divided into 5 climatic zones according to the moist index: MI less than 0.05 as the hyper-arid zone; MI between 0.05 and 0.2 as the arid zone; MI between 0.2 and 0.5 as the semi-arid zone; MI between 0.5 and 0.65 as the sub-humid arid zone; and MI greater than 0.65 as the humid zone. 
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Figure 4. Distribution of sample points. Within the study area, 1000 sample points were selected and distributed as evenly as possible. DEM is the digital elevation model. 
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Figure 5. Classification results of different machine learning models for a typical region. SVM stands for support vector machine and CART stands for classification and regression tree. 
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Figure 6. Changes in the degree of desertification from 2000 to 2020. (a) 2000–2005; (b) 2005–2010; (c) 2010–2015; (d) 2015–2020. 
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Figure 7. Desertification monitoring indicators and interannual variation of desertification area. Columns indicate the area of various types of desertification land, colored lines indicate the four monitoring indicators, and the black lines are the total area of desertification land. 
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Figure 8. Desertification trends from 2000–2020 based on the Theil–Sen Median slope and Mann–Kendall test. 
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Figure 9. Land-use changes in the study area within the last 20 years. We focused mainly on the changes in vegetation and the desert. The remaining land types did not change much, and we attributed them to other changes. 
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Figure 10. The year-to-year trend of climate factors. Pink bars are areas of relatively increasing desertification area. TEMP, PREC, PET, and WS represent temperature, precipitation, potential evapotranspiration, and wind speed, respectively. 
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Table 1. CF values by month at different latitudes.
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Month

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12




	
Latitude

	






	
0

	
1.04

	
0.94

	
1.04

	
1.01

	
1.04

	
1.01

	
1.04

	
1.04

	
1.01

	
1.04

	
1.01

	
1.04




	
10

	
1

	
0.91

	
1.03

	
1.03

	
1.08

	
1.06

	
1.08

	
1.07

	
1.02

	
1.02

	
0.98

	
0.99




	
20

	
0.95

	
0.89

	
1.03

	
1.05

	
1.13

	
1.11

	
1.14

	
1.11

	
1.02

	
1

	
0.93

	
0.94




	
30

	
0.9

	
0.87

	
1.03

	
1.08

	
1.18

	
1.17

	
1.2

	
1.14

	
1.03

	
0.98

	
0.89

	
0.88




	
35

	
0.87

	
0.85

	
1.03

	
1.09

	
1.21

	
1.21

	
1.23

	
1.16

	
1.03

	
0.97

	
0.86

	
0.85




	
40

	
0.84

	
0.83

	
1.03

	
1.11

	
1.24

	
1.25

	
1.27

	
1.18

	
1.04

	
0.96

	
0.87

	
0.81




	
45

	
0.8

	
0.81

	
1.02

	
1.13

	
1.28

	
1.29

	
1.31

	
1.21

	
1.04

	
0.94

	
0.79

	
0.75




	
50

	
0.74

	
0.78

	
1.02

	
1.15

	
1.32

	
1.36

	
1.37

	
1.25

	
1.06

	
0.92

	
0.76

	
0.7
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Table 2. Basic datasets.
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	Data
	Data Sources
	Spatial Resolution
	Temporal Resolution





	Albedo
	https://lpdaac.usgs.gov/products/mcd43a3v006/ (accessed on 23 August 2022)
	500 m
	1 day/2000–2020



	LST
	https://lpdaac.usgs.gov/products/mod11a2v006/

(accessed on 23 August 2022)
	1000 m
	8 days/2000–2020



	NDVI
	https://lpdaac.usgs.gov/products/mod13a1v006/

(accessed on 23 August 2022)
	500 m
	16 days/2000–2020



	TGSI
	https://lpdaac.usgs.gov/products/mcd43a4v006/

(accessed on 23 August 2022)
	500 m
	1 day/2000–2020



	Precipitation
	http://www.geodata.cn

(accessed on 9 July 2022)
	1000 m
	1 month/2000–2020



	Potential evaporation
	http://www.geodata.cn
	1000 m
	1 month/2000–2020



	Temperature
	http://www.geodata.cn
	1000 m
	1 month/2000–2020



	Wind speed
	http://www.geodata.cn
	1000 m
	1 month/2000–2020



	Land Cover
	https://lpdaac.usgs.gov/products/mcd12q1v006/

(accessed on 3 October 2022)
	500 m
	1 year/2001–2020
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Table 3. Accuracy validation of four models with different combinations of indicators.
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Combinations

	
MD

	
CART

	
SVM

	
RF




	
OA (%)

	
KAPPA

	
OA (%)

	
KAPPA

	
OA (%)

	
KAPPA

	
OA (%)

	
KAPPA






	
ALNT

	
54.30

	
0.43

	
78.69

	
0.73

	
71.13

	
0.64

	
86.94

	
0.84




	
ALN

	
51.33

	
0.39

	
72.33

	
0.65

	
71.67

	
0.65

	
73

	
0.66




	
ALT

	
50.00

	
0.37

	
61.74

	
0.52

	
53.02

	
0.42

	
68.46

	
0.61




	
ANT

	
69.42

	
0.62

	
75.84

	
0.7

	
69.11

	
0.62

	
81.04

	
0.76




	
LNT

	
52.16

	
0.40

	
71.43

	
0.64

	
69.77

	
0.62

	
76.41

	
0.70




	
AL

	
53.43

	
0.41

	
53.07

	
0.41

	
49.46

	
0.37

	
63.54

	
0.54




	
AN

	
68.87

	
0.61

	
70.13

	
0.63

	
68.87

	
0.61

	
69.81

	
0.62




	
AT

	
57.47

	
0.47

	
54.87

	
0.44

	
45.78

	
0.32

	
59.42

	
0.49




	
LN

	
50.33

	
0.38

	
63.91

	
0.55

	
70.20

	
0.63

	
68.89

	
0.61




	
LT

	
54.10

	
0.42

	
52.46

	
0.41

	
51.80

	
0.40

	
53.77

	
0.42




	
NT

	
66.56

	
0.58

	
68.13

	
0.60

	
66.88

	
0.59

	
75.31

	
0.69








Where A is Albedo, L is LST, N is NDVI, and T is TGSI. MD, CART, SVM, and RF stand for minimum distance, classification regression tree, support vector machine, and random forest, respectively.
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Table 4. Confusion matrix for accuracy verification by the data set.






Table 4. Confusion matrix for accuracy verification by the data set.





	Degree of

Desertification
	ES
	S
	M
	L
	Total





	ES
	92
	7
	0
	2
	101



	S
	37
	85
	3
	13
	138



	M
	7
	14
	46
	13
	80



	L
	0
	8
	0
	55
	63
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Table 5. Area changes of desertification in unchanged land-use areas.
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	2000
	2020





	Extremely severe (km2)
	1,581,317
	1,370,842



	Severe (km2)
	703,489.5
	676,974.9



	Moderate (km2)
	335,991.7
	282,457.2



	Light (km2)
	75,5867.4
	833,718.7



	Total (km2)
	3,376,665
	3,163,992
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Table 6. Correlation test between climatic factors and desertification area.
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	PREC
	WS
	PET
	TEMP





	Pearson correlation coefficient
	−0.570
	0.856
	−0.274
	−0.163



	Sig
	0.007
	0.000
	0.230
	0.480







TEMP, PREC, PET, and WS represent temperature, precipitation, potential evapotranspiration, and wind speed, respectively. Sig stands for significance.



















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png





media/file26.jpg
42°0'0"N 54°010"N

30°0'0"N

18°0'0"N

86°0'0"E 100°00"E.

128°0'0"E

0500 1000
— Kilometers.

Legend.
B Significan agaravation §55 No significant agaravation
B Signfican revesion - No ignificnt reversion
_ Nochame

L2

e
N/{/






media/file27.png
30°0'0"N 42°0'0"N 54°0'0"N

18°0'0"N

86°0'0"E 100°0'0"E

114°0'0"E

128°0'0"E

0 500 1000
s Kilometers

Legend
B Significant aggravation 00 No significant aggravation

BN Significant reversion  No significant reversion
- No change






media/file13.png
/N

Google earth image

Study area <I:
Nnaex |

| Precipitation data |
I

P
I
I

l
—I— Sampling points
Y
70% ﬂ Different
combinations

Data sources
]

y_OCti MCD43A3 | MOD11A2 |‘

' MOD13A1 || MCD43A4 |

| MCD12Q1 —

Desertification classification

Spatio-temporal
dynamic monitoring

2000-2020 desertification
map

U

‘ Area statistics ‘

Change detection

{

I Analysis ‘

Driving Factors






media/file31.png
— — N N W W
o (&) o (&) o (&)

Desertification area(x10°km?)

(&)}

y=0.03825x-14.24598

—&— TEMP(x10°C)
—A—PREC(x10"'mm)
@~ PET(x10 ' mm)
~—WS(x10m/s)

-~ PET Fit Curve
- -==- TEMP Fit Curve
-~~~ PREC Fit Curve

-~~~ WS Fit Curve

2020

70

60

20

10





media/file12.jpg
{TPaniatsvaporaton | Temperaurs g |

S rpsaa |

Google earth image. Monitoring Indicators Data sources
L

ot | MOD43A3 || MOD11A2 |
= mop13at | | McDasAs

| oierent

MeD12a1 -
L combinations -

Spatio-temporal | DT

dynamic monitoring

map +

o

| Change detecton | Evaporation

[ T —





media/file18.jpg
48° 00N

36° 00N 42 00N

30° 00N

80° 00" 50" 0'0°E

100" 0°0°F

110° 00 120" 0'0°F

MoNGoLIA

cmiva

Legend
+ Sampling points
DM
-
Lov £ 172






media/file9.png
ﬂ.\r J






media/file14.jpg





media/file20.jpg
Google Earth image

Legend

I Extremely severe
0 Severe

£ Moderate

B Light

. None






media/file23.png
80° 0'0'E  90° 0'0"E

100° 0’ 0"E

110° 0'0"E  120° 0'0"E

130° 0’ 0"E

80° 007K 90° 0°0E

100° 0°0K

110° 0'0°E  120° 0°0"E  130° 0°0"K

30° 0°0°N 407 0'0°N  50° 0'0°N

20° 0'0°N

i

0 400 800
s Kilometers

- Stable area
~ Slight desertification expansion

-
[ Slight desertification reversion

B Significant desertification expansion ~ Significant desertification reversion

80° 0'0°E 90° 0'0"E

100° 0’ 0"E

110° 0'0"E  120° 0'0E

130° 0’ 0"E

30° 0°0°N  40° 0'0°N  50° 0'Q°N

20° 0'0°N

i

0 400

00
Kilometers

- Stable area
~ Slight desertification expansion

B Significant desertification expansion

RYs -
[N Slight desertification reversion

~ Significant desertification reversion

(¢)

0 400 800
e Kilometers

- Stable area
- Slight desertification expansion

B Significant desertification expansion

3% -
I Slight desertification reversion
~ Significant desertification reversion

80" 0'0°K  90° 0'0"E

100° 0'0°K

110° 0'0°E 120° 0'0"E  130° 0'0°R

30° 0'0°N  40° 0'0°N  50° 0'0°N

20° 0'0°N

0 400 800
Kilometers

- Stable area
- Slight desertification expansion

B Significant desertification expansion

(d)

B .
[ Slight desertification reversion ol
~ Significant desertification reversion






media/file10.png





media/file5.png





media/file15.png
75°0'0"E 90°0'0"E 105°0'0"E 1 ZOUQ'U"H 1 35“9'{)"1—?

e CF
------ CF Fit Curve N
110 A
' R?=0.97447 £
1.05 -— .“ . ) g-
1.00 - e
I .
095 . =
L r .. 2
O 090} e
I _ e .
0.85 L y=-0.00572+105693 " z
"o =
' . z
0.80 |- .. =
- 7z
075 . £ . '
o c_ |* "'.E:':.!
I T . —— 5| lesend . / (i
0 10 20 30 40 50 High:0.9657 | o000 o0 e B
Latitude Low : 0.7491 s s Kilometers






media/file19.png
80° 9’ 0“E 90° 9' 0"E 100° 10’ 0"E 110° lO' 0"E 120° lO' 0"E

48° 9’ 0”N

42° 9’ 0”N

36° 9' 0”N

30° 9' 0°N

N
‘& ﬁruﬂ}‘
gy
,5$‘ g;a
g
Ao
MONGOLIA 3 e
S N ‘.:'-‘g::‘ A
2 “ 3‘
At
et
Legend
s«  Sampling points
DEM
- High : 7379
0 500 1000 Low : —172

.
Kilometers ]
Esri, HWERE, Garmin, {c) OpenStrectMdp contributors, Sources: Esri L USGS, NOSA
LR






media/file28.jpg
§§

S0°00E

SPU0"E.

100°0'0"E. NOQ0E 12000,

H

Legend

Nochange

Other changes
. Farmband. Grastand
. Farmiand-Woodland

- -Shrubs
- Grassand-Desert
9 Grassand-Woodiand

9 Grassand-Farmiand " Woodland-Fa
S ShrubsDesert 9 Woodland G
- Shrubs Grasland ‘Woodlnd-Shrubs
. Shrubs Woodiand

Shrubs-Farmiand

0 500 1000

- oodland-Desert mmm—— Kiomeers|






media/file6.png





nav.xhtml


  remotesensing-15-01368


  
    		
      remotesensing-15-01368
    


  




  





media/file11.png





media/file24.jpg
 Albedo
* LST(x107)
168!

NOVI

B 40
035

sl 3
030

]
2, 3
§2° 0252

H
Bt 10 020
2l o 015

2000 2005 2010 2015 2020





media/file29.png
| &

20°0'0"N

Desert-Farmland
- Desert-Grassland
- Desert-Shrubs
- Farmland-Desert
- Farmland-Shrubs

B Farmland-Grassland ~ Shrubs-Desert

B Farmland-Woodland =~ Shrubs-Grassland
B Grassland-Shrubs B Shrubs-Woodland
~ Grassland-Desert Shrubs-Farmland
0 Grassland-Woodland Il Woodland-Desert

80°0'0"E 90°0'0"E 100°0'0"E 110°0'0"E 120°0'0"E
Z N
>
i
=
w,
5 3
P L g
-.- e 4 : = - . ‘i..‘ =3 .»'»“ :
z paoang - 5N 2 A_-‘:..,_ ' 4
= ‘,- ' . = ke Tama ! i ¢
oc-l “;‘}— " T~ ;"' "
= i . ,\ o b
Yo ~ oy wlh\: & -
g Fa
. ~
S
]
g Legend
Lag]
No change Other changes I Grassland-Farmland  Woodland-Farmland

- Woodland-Grassland
Woodland-Shrubs

0 500 1000
e Kilometers






media/file2.png





media/file7.png





media/file16.jpg





media/file3.png





media/file0.png





media/file22.jpg





media/file17.png
—

30° 0’0°N

—

20° 0’ 0N

100° IO' 0“E

114° IO’ 0“E

128° 10’ 0“E

50° 0’ 0”N

40° 9’ 0“N

Legend
- Hyper-arid zone
[ Arid Zone

- Semi-arid zone
- Sub-humid arid zone
j Humid Zone

0 500

000
Kilometers






media/file30.jpg
Desertification area(x10°%km?)
3 & 8 8 8 8§

o

°

[F#=TemPp(10C)
-A-prReCix10" )
o~ peT(ct0imm)






media/file8.png





media/file25.png
36

Total area(x10°km?)
(%) [#%]
o ($)]

w
w

32

Area(x10°km?)
]
o

iy
o

2000

2005

2010
Years

[ |Light
| |Moderate
[ |Severe

I EXtremely severe

—a— Total area

— -
___.——.

2015

— — Albedo
—— LST(X10'2)
— — TGSl
—u— NDVI
4 0.35
-4 0.30
x
S
4025 ¢
——
s -4 0.20
0.15
2020






media/file21.png
B Extremely severe

;l Severe
=

Google Earth image
Legend

Moderate

] Light
B None

Random Forest

CART






