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Land degradation is the most serious environmental challenge in the Mongolian Plateau, an important arid and semiarid region east of the Eurasian continent. The Selenge River Basin is not only the main catchment area of Baikal Lake, the largest fresh water lake, but also the main concentration area of agriculture and animal husbandry in Mongolia. Under the common influence of global warming and human activities, desertification has become more prominent in this basin, threatening the ecological security and sustainable development of the Mongolian Plateau. In this study, we selected NDVI, Modified Soil Adjusted Vegetation Index, topsoil grain size index and Albedo as feature space indicators, and retrieved the desertification process from 1990 to 2020 in the Selenge River Basin of Mongolia based on a novel feature space monitoring index. A 30-m resolution desertification map of the Selenge River Basin was retrieved based on optimal feature space models for 1990, 1995, 2000, 2005, 2010, 2015, and 2020. Then, the spatial-temporal dynamic changes and driving mechanism of desertification. The results show that: 1) Compared with the other four feature space models, the point-to-line Albedo-MSAVI feature space model has the highest recognition accuracy of 84.89% for desertification in the basin. 2) The desertification level of the Selenge River basin is mainly low and medium on the whole, the high desertification is mainly located in BULGAN and HOVSGOL provinces in the middle-upper reaches of the basin, and the severe desertification is mainly located in TOV province and Ulaanbaatar in the middle-lower reaches of the basin. 3) From 1990–2020, desertification degree in the Selenge River Basin has further deteriorated, and the area of high and serve desertified land has expanded significantly. Within the stage, 1990–2015 was a period of rapid increase in desertification. However, from 2015–2020, recovery takes the dominant position. The regions with high conversion frequency of desertification degree are mainly concentrated in the central and southeastern of the Selenge River basin. The joint effects of large fluctuations in temperature, overgrazing and population migration aggravate the desertification degree in this region. The research results can provide the desertification retrieving method recommendation and land degradation nutrition measures decision support in the Selenge River Basin and the whole Mongolian Plateau.
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1 INTRODUCTION
Desertification refers to land degradation in arid, semi-arid, and dry sub-humid areas caused by various factors, such as climate change and human activities (UNCCD, 1994), usually leading to a reduction in biodiversity, soil fertility, and even the loss of ecological carrying capacity (Oh et al., 2005; van den Elsen and Jetten, 2015). The Selenge River Basin, as the main water source of Lake Baikal, is a sensitive area for global change and is a key area in Mongolian Plateau. The ecological environment pattern in this region is complex and diverse. Under the joint effects of global warming and irrational human activities such as overgrazing, species richness and above-ground biomass is decreasing in the Selenge River Basin (Zorigt et al., 2019), and the problem of desertification in this region is becoming increasingly serious. More than 72% of Mongolia’s land was affected by desertification, and the scope of desertification continued to expand (Ministry of Natural Environment and Tourism of Mongolia, 2007). Approximately 90% of the land is facing desertification risks in the future (Wang et al., 2020). Therefore, there is an urgent need to monitor the status and evolution of desertification, which has great scientific and practical significance for the decision of desertification control strategies in the local Selenge River Basin and whole Mongolian Plateau.
The fine-resolution desertification distribution data are the basis for desertification pattern analysis and combatting measures decision. In recent years, remote sensing has provided an important means for monitoring desertification at different temporal and spatial scales (Ajaj et al., 2017; Liang et al., 2021; Li et al., 2022; Yue et al., 2023). The main methods for remote sensing monitoring desertification are remote sensing visual interpretation and the desertification index retrieving methods. Wei et al. (2007) carried out dynamic monitoring of land desertification in Minqin County, west China, through visual interpretation of satellite images combined with field investigation. Xue et al. (2013) evaluated the evolution of aeolian desertification in the northwestern Shanxi Province of Northern China from 1975 to 2010 by visually interpreting Landsat MSS and TM images. Qiu. (2008) established interpretation markers of different desertification landscapes using multi-period Landsat TM and China-Brazil Earth Resource Satellite data, and evaluated the desertification status of Maowusu Sandy Land in the Loess Plateau using a supervised classification model. Visual interpretation has relatively high accuracy, but it requires a lot of manpower and time; therefore, it is only suitable for small areas and cannot meet the needs of desertification monitoring in large regions (Duan et al., 2019).
Facing large-scale applications, the index retrieving method is the main way of long-term desertification monitoring at present. Desertification is expressed on remote sensing images as the enhancement of bare land information and the weakening of vegetation information. The surface albedo (Albedo), vegetation index (VI) and topsoil grain size index (TGSI) obtained from remote sensing inversion can be used as typical indicators to characterize the degree of desertification. VI can reflect the spatial distribution intensity of above-ground plants and indicate the growth status of plants. Albedo determines the amount of radiation absorbed by the subsurface, and its variation is influenced by vegetation cover, moisture and other factors. TGSI reflects the texture of topsoil and the size of soil surface particles. With the increase of desertification, the surface vegetation is severely damaged, the surface biomass is reduced, the surface soil roughness decreases, which leads to the increase of surface albedo, which is expressed in the remote sensing image as the VI decreases, the Albedo increases and the TGSI increases. Guo et al. (2021) used vegetation coverage to classify the desertification grade in the Mongolian Plateau. Liu et al. (2018) applied the TGSI to evaluate the desertification degree based on MODIS images in Mongolian plateau. Zeng et al. (2007) constructed an Albedo-NDVI feature space model to identify the desertification degree in the Yellow River source area. However, desertification is caused by the joint actions of natural factors and human activity (Li et al., 2012; Wang et al., 2020; Guo et al., 2021; 2022), the method of extracting desertification information by considering only one set of combination indicators, such as NDVI and Albedo, cannot better identify the desertification information and tend to obtain low accuracy (Wei et al., 2018).
In recent years, feature space model that consider the interactions between a couple of desertification indicators can effectively distinguish between different degrees of desertification land. Firstly, only NDVI and Albedo is considered, ignores important surface factors, such as soil information, leading to a low accuracy of classification results (Wei et al., 2018). Huete (1988) introduced MSAVI to monitor the desertification degree to avoid the impacts of soil background. Wu et al. (2019) established the Albedo-MSAVI spatial model for quantitative monitoring of desertification in semi-arid grasslands. Then, multi couples of features are used for desertification reversion. Wei et al. (2018) constructed three feature space models, Albedo-NDVI, Albedo-MSAVI, and Albedo-TGSI, and obtained adaptation conditions in northwestern Mongolia. These progress shows that the feature space model is feasible for desertification retrieving in local areas. Owing to the differences in the geographical environments in different regions, selecting feature space indicators and the construction method of the desertification index is crucial.
This study aims to construct an optimal feature space model for the long-term rapid monitoring of desertification in the Selenge River Basin and to understand the dynamic changes of desertification over the past 30 years. Based on Landsat images from 1990 to 2020, a 30-m resolution desertification map in the Selenge River Basin will be obtained for every 5 years. The desertification evolution trends will be discovered in this rich natural resources region and its driving mechanism will be discussed as well Materials and methods.
1.1 Study areas
The Selenge River originates from the northern slope of the Khan Gai Mountain in Mongolia, with a total length of 1,024 km and a drainage area of 447,060 km2, accounting for 82% of the drainage area of Baikal Lake. It is the largest tributary of Baikal Lake in northern Mongolia and Russia. This study selected the Selenge River basin in Mongolia, covering the capital city of Ulaanbaatar and 12 provinces (Figure 1). The climate in the middle and upper reaches of the Selenge River Basin is mild and humid, while the climate in the middle and lower reaches is dry and low-temperature (Dawasuren, 2018). This basin is the main agricultural and animal husbandry area in Mongolia. More than 60% of Mongolian agricultural products are produced in the Selenge River basin. By 2020, livestock in this basin accounted for 58% of Mongolia’s animal population. People population accounted for approximately 79% of the total population of Mongolia (Ren et al., 2022).
[image: Figure 1]FIGURE 1 | Geographic location of the study area.
1.2 Data sources
Landsat images with a spatial resolution of 30 m were selected since 1990, which is the beginning of the transformer of social and economic system of Mongolia followed by the collapse of former-Soviet Union. In order to capture the dynamic features of the desertification change trends, every 5 years images were selected for desertification retrieving. This interval is coupled with most of the global or continental scale land use and land cover datasets in the world, such as GLC_FCS30(Zhang et al., 2021)and FROM-GLC (Gong et al., 2013). Because images in the growing season can reflect the biological and physical parameters relatively clearly, such as NDVI, MSAVI. Thus, landsat images were used to identify desertification information and analyze spatiotemporal pattern changes from June to September of 1990(Landsat 5), 1995(Landsat 5), 2000(Landsat 7), 2005(Landsat 7), 2010(Landsat 7), 2015 and 2020(Landsat 8). Landsat data were provided by the Google Earth Engine (GEE) platform. Supported by GEE, image cloud removal, mosaic, and clipping were completed, and seven cloud-free high-quality images covering the entire basin were obtained.
In order to avoiding water bodies and urban construction areas are misclassified as desertified areas, the Joint Research Centre’s Global Surface Water Dataset (Pekel et al., 2016) and an artificial impervious surface dataset (Li et al., 2020) were used to exclude water bodies and urban construction areas. The above images were taken from the open dataset provided by the GEE platform as well.
The accuracy validation data is mainly from high-resolution Google Earth images and fieldwork data in 2015, with a total of 128 validation points. The measured record of the field points included the longitude, latitude, vegetation cover, surface albedo, and topsoil grain size information. Temperature, precipitation, livestock load and population data are collected from the Mongolia Statistics website (http://1212.mn/).
1.3 Materials and methods
1.3.1 The desertification classification in the Selenge River Basin of Mongolia
The desertification classification criteria usually was divided into five levels: non, low, medium, high, and severe desertification (Han et al., 2010; Lamchin et al., 2017; Jiang et al., 2019). In Mongolian Plateau study, we also took this classification standard, i.e., dividing them into five levels (Table 1). Based on the five desertification indices obtained from the inversion of different feature spaces, the Jenks Natural Break method was used to divide them into five categories. This dividing method effectively aggregates similar classes and maximizes the differences between classes, and automatically selects the classification situation with the minimum variance values, so as to obtain the optimal classification result.
TABLE 1 | Classification standard of desertification.
[image: Table 1]1.3.2 The principle of feature space
Feature space method is used to monitoringdesertification in this study. The feature space division method is determined by the distribution of two typical surface parameters in 2D space. Long-term research has shown that vegetation coverage, surface albedo, and surface soil particle size are three typical indicators for evaluating desertification. The normalized vegetation index can reflect the spatial distribution intensity of aboveground plants indicating the growth status of plants. The amount of aboveground vegetation decreased, and the normalized vegetation index decreased, indicating that the degree of desertification intensified. However, owing to the great influence of soil background, NDVI cannot adequately represent the vegetation status in sparsely vegetated areas. Therefore, the Modified Soil Adjusted Vegetation Index (MSAVI) was introduced to eliminate the impact of soil and vegetation canopy background. The surface albedo determines the amount of radiation absorbed by the underlying surface. The albedo increases with the intensification of desertification, resulting in a reduction in surface water and surface roughness. In addition, owing to the different degrees of desertification, there are different topsoil properties. A more serious desertification corresponds to a coarser surface soil particle composition. Taking the Albedo-NDVI feature space as an example, a large number of studies have shown that Albedo and NDVI are significantly negatively correlated. As shown in Figure 2, the upper boundary line AD refers to the high-albedo line, representing the maximum albedo under certain vegetation coverage. The lower boundary BC line refers to the low line of albedo, reducing the minimum value of albedo for a given vegetation.
[image: Figure 2]FIGURE 2 | Principle of feature space (Taking Albedo-NDVI as an example).
1.3.3 Selection of feature space index
In this study, NDVI, MSAVI, Albedo, and TGSI were selected as the feature space indicators for desertification inversion in the Selenge River Basin. Each feature space indicator was calculated based on the GEE platform. The calculation formulas are shown as follows: NDVI = (BNIR − BRED)/(BNIR+BRED)
[image: image]
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where [image: image], BRED, BBLUE, BGREEN, BSWIR1, and BSWIR2 refer to the surface reflectivities of the near-infrared, red, blue, green, and shortwave infrared bands, respectively.
1.3.4 Construction of feature space model
According to four typical desertification indicators, NDVI, MSAVI, Albedo, and TGSI, five desertification inversion feature spaces (Figure 3) were constructed using the ENVI 5.2 2D scatter tool. Depending on the distribution form of the typical desertification indicators in the feature space, three desertification index inversion methods were selected: point-to-point, point-to-line, and vertical direction division of the trend line. Based on the research findings of Verstraete and Pinty (1996), the Albedo-NDVI feature space is divided in the vertical direction of the trend line representing the degree of desertification, effectively distinguishing land with different desertification degrees (Figure 3A). The position of the vertical direction in the Albedo-NDVI feature space can be expressed by adding a simple binary linear polynomial in the Albedo-NDVI feature space:
[image: Figure 3]FIGURE 3 | Different desertification inversion feature spaces. (A) Albedo-NDVI; (B) Albedo-MSAVI; (C) MSAVI-TGSI; (D) NDVI-TGSI; and (E) Albedo-TGSI. Note: brown and green lines mean the trend line for distinguish the desertification degree. The red point means certain point (start point), and the yellow point on behalf of any point. The closer to red point means more severe desertification level, and vice versa.
AN = a [image: image] NDVI-Albedo
Where a is determined by the slope of the trend line in the Albedo-NDVI feature space.
In this study, the specific expression is:
[image: image]
The distance between any point (yellow point) and a certain line (red line) can effectively divide the Albedo-MSAVI feature space into desertification lands of different degrees (Figure 3B); the farther the distance between the point and the red line, the more serious is the desertification. The desertification index retrieved from the Albedo-MSAVI feature space model is called AM, and its calculation formula is as follows:
[image: image]
where k is the slope of a specific line (red line), and b is its intercept.
In this study, the specific expression is:
[image: image]
As shown in Figures 3C–E, the distance between any point (yellow point) and a certain point (red point) can effectively divide the TGSI-MSAVI, TGSI-NDVI, and TGSI-Albedo feature spaces into desertification lands of different degrees; the closer the distance between any point and red point, the more serious the desertification. The desertification indexes retrieved from the TGSI-MSAVI, TGSI-NDVI, and TGSI-Albedo feature space models are TM, TN, and TA, respectively. The calculation formula is as follows (taking TM as an example).
[image: image]
where M and N are the TGSI and MSAVI of the specific points, respectively (red point).
In this study, the specific expressions of TM, TN, and TA are:
[image: image]
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2 RESULTS
2.1 Classification accuracy of different feature space models
Based on the 2015 field site data and high-resolution Google Earth images, 128 validation sites were selected to determine the actual desertification degree. We used the confusion matrix method to evaluate the desertification results under different feature space models (Table 2). The results show that the overall accuracy of the point-to-line Albedo-MSAVI feature space model was the highest, reaching 84.89%.
TABLE 2 | Precision comparison of different feature space models.
[image: Table 2]2.2 Spatial-temporal dynamic pattern of desertification in the Selenge River Basin
Figure 4 depicts the spatial distribution of the degrees of desertification in different periods. The desertification degree is mainly low and medium on the whole, and the high desertification is located in BULGAN and HOVSGOL provinces in the middle-upper reaches of the basin, and the severe desertification is mainly located in TOV province and Ulaanbaatar in the middle-lower reaches of the basin. Severe and high desertification shows an expansion trend in the middle and northwest regions. Medium and low desertifications are mainly distributed in the northern grassland and southwest areas. Non-desertification areas are mainly distributed in forested areas in the upper reaches of the Selenge River Basin. From 1990 to 2005, the severity of land desertification in the southeast and northwest regions increased rapidly. Severe desertification begins to shift from a scattered distribution to a continuous patchy distribution. The low and medium desertification land was further transformed into high and severe desertification land in 2005–2015. From 2015 to 2020, the degree of desertification decreased in the northern grassland areas and the central region, but the situation in the southeast remains critical.
[image: Figure 4]FIGURE 4 | Spatial distribution of desertification in the Selenge River Basin of Mongolia from 1990 to 2020.
As shown in Table 3, over the past 30 years, the total area of desertified land in the Selenge River Basin in Mongolia as a proportion of the total land area has been high and remains relatively stable, ranging from 72% to 74%. However, there is a clear changing trend in the area of different desertification degrees, mainly a decrease in the area of light and moderately desertified land and an increase in the area of high and desertified land. From 1990 to 2020, the area of severely desertified land increased to 20,762 km2, an increase rate of 7.03%. The area of high desertification increased from 34,879 km2–53,346 km2, an increase rate of 6.25%. In 2015, severe and high desertification peaked at 29,650 km2 and 66,468 km2, respectively, accounting for 10.04% and 22.51%, respectively. The area of low desertification decreased significantly, from 94,399 km2 in 1990 to 63,980 km2, a decrease rate of 10.30%.
TABLE 3 | Area of different desertification degrees from 1990 to 2020.
[image: Table 3]2.3 Conversion trend of desertification degree in the Selenge River Basin
To better understand the spatial dynamic changes of desertification in the study area from 1900 to 2020, the changes in the spatial pattern of desertification were divided into five categories: strong deterioration (desertification intensifies by two or more levels), deterioration (desertification intensifies to the adjacent level), stability (desertification degree remains unchanged), recovery (desertification reduces to the adjacent level), and significant recovery (desertification is reduced by two or more levels).
From 1990–2020, the overall desertification evolution trends were deterioration, deterioration, deterioration, recovery, deterioration, and recovery in the Selenge River Basin during different periods, respectively. The evolution of desertification was dominated by transitions between adjacent types in the Selenge River basin (such as light to moderate), and other transition areas are very small (Figure 5; Table 4). Further deterioration of low and medium desertified land is the main type of deterioration for all periods. In 2010–2015, desertified land experienced the largest area of deterioration with 114,522 km2, which was 5.35 times than recovery land. Recovery of medium and high desertified land is the main type of recovery. In 2005–2010, desertified land occurred in the largest area of recovery with 94,996 km2 (Table 4). The active desertification area is mainly concentrated in the central and southeastern of the Selenge River basin, and the deterioration and recovery show a clear alternation. For example, the desertification in 2000–2005 and 2005–2010 were two diametrically opposed transitions, with deterioration and recovery, respectively (Figure 5).
[image: Figure 5]FIGURE 5 | Changes in the spatiotemporal pattern of desertification.
TABLE 4 | The changing area of spatiotemporal pattern of desertification.
[image: Table 4]3 DISCUSSIONS
3.1 Adaptability of the feature space model in Mongolian Plateau
The point-to-line Albedo-MSAVI feature space model constructed in this study has the highest accuracy in desertification information extraction of the Selenge River Basin, reaching 84.89%. However, there are some differences in the monitoring accuracy of this model in different degrees of desertification, with the highest accuracy (93.5%) for non-desertification and the worst accuracy (77%) for high desertification (Table 2). The Albedo-NDVI model had a high recognition accuracy for non-desertification areas, with an accuracy of 92%.It is easy to misclassify low and medium desertification areas as high or severe desertification areas (Figure 6). This is because the vegetation coverage of the Selenge River basin in Mongolia is dominated by forests, typical grasslands, and desert grasslands, whereas NDVI has a large expression error for low-density vegetation. Compared with NDVI, MSAVI can eliminate the impact of soil and more accurately reflect surface vegetation. Point-to-point Albedo-TGSI, TGSI-NDVI, and TGSI-MSAVI feature space models cannot effectively identify non-desertification areas, and the latter two feature space models significantly exaggerate the distribution of extremely severe desertification land (Figure 6). These research findings are consistent with the adaptability analysis results of various feature space model (Zeng et al., 2007; Wei et al., 2018; Guo et al., 2021; Wu et al., 2017). Meanwhile, according to the distribution patterns of different desertification indicators in 2D space, point-point, point-line, and vertical direction segmentation methods were chosen to construct desertification indices, which greatly improved the rationality of the feature space model and the accuracy of desertification extraction results.
[image: Figure 6]FIGURE 6 | Inversion results of desertification in the Selenge River Basin with different characteristic space models.
Precise desertification information is crucial reference for formulating regional desertification control strategies. Using a couple of typical desertification indicators with clear biophysical significance to build a feature space model can effectively distinguish between different degrees of desertification land. The model indicators of this method are simple, feasible, easy to extract from desertification information with high accuracy (Ma et al., 2011; Wei et al., 2018; 2021). The Albedo-TGSI feature space model also has high adaptability in northwestern Mongolia with an accuracy of 89.95% (Wei et al., 2018), which is higher than the decision tree model proposed by Lamchin et al. (2016). Wei et al. (2021) completed the extraction of desertification information along the China-Mongolia railroad based on multi-source feature space model. Zhou et al. (2021) verified that the point-line Albedo-MSAVI has high adaptability in Inner Mongolia. The feature space model is now widely used for desertification information inversion in different regions of the Mongolian plateau and has proven to be highly adaptable. However, for different geographical environments, the selection of feature spatial indicators is decisive for the effect of desertification information extraction. In large-scale desertification inversion, it is necessary to comprehensively consider the characteristics of the various geographical units and select the appropriate feature space to construct indicators for different regions, respectively.
3.2 Analysis of the driving forces of the dynamic desertification pattern in the selenge river basin
Desertification has been widespread in the Selenge River Basin for the past 30 years, with the total area of desertification accounting for 72%–74% of the total land area, and is generally on a deteriorating trend. The severe desertification is mainly located in TOV province and Ulaanbaatar in the middle-lower reaches of the basin, and is expanding significantly. The main reason is the increasing high population density in Ulaanbaatar, the capital of Mongolia. Non-desertification regions are mainly distributed in the upper and lower reaches of the Selenge River Basin, where the vegetation cover is predominantly forest with a stable ecosystem. Desertification showed a clear recovery trend in 2010, related to the decrease of livestock in the spring of 2010 caused by the severe “white plague”. 2015 is the start year of the UN 2030 Agenda for Sustainable Development Goals. Mongolia has also implemented a serials of policies combating desertification in order to achieve Land Degradation Neutrality. As a result, there is a recovering trend in general from 2015–2020.
The land cover of the Selenge River Basin is dominated by real steppe and desert steppe, which are ecologically fragile and highly susceptible to degradation due to climate change and human activities. As for climate change, temperature and precipitation are important drivers of the spatial distribution and evolutionary trends of desertification (Jiang et al., 2019; Hu et al., 2020; Wang et al., 2020; Liang et al., 2021). Most studies indicate that climate change is the dominant factor influencing the evolution of desertification in different regions of the Mongolian Plateau (Meng et al., 2021; Fan et al., 2020; Guo et al., 2021). Over the past 30 years, the temperature in the Selenge River basin has been slowly increasing, with large interannual fluctuations, as shown in Figure 7A. Rising temperatures may lead to land desertification and heat waves that inhibit the normal growth of vegetation (Hirschi et al., 2011; Hauser et al., 2016). Large fluctuations in temperature adversely affect the succession of vegetation, leading to decreases in vegetation cover and productivity. The increase in precipitation can improve soil moisture, which is conducive to vegetation growth and promotes desertified land recovery (Zhang et al., 2013; Pang et al., 2017). Precipitation in this region showed a growing trend, with abundant precipitation and river water sources. UAV photos taken during the 2019 field survey indicate fertile grassland, high surface vegetation biomass, and significant recovery of desertified land in the lower Selenge watershed (Figure 8).
[image: Figure 7]FIGURE 7 | Inter annual variation of natural and social factors in the Selenge River basin, Mongolia.
[image: Figure 8]FIGURE 8 | Photos of UAVs in Mongolia’s ancient Selenge River Basin (2019).
As for human activities, overloaded grazing and population migration have intensified the desertification of the Selenge River Basin in Mongolia. In the early 1990s, with the disintegration of the former Soviet Union, Mongolia’s socioeconomic system underwent tremendous changes. The promulgation of a series of laws and policies, such as the “national freedom” policy and land privatization, accelerated land change and transfer in Mongolia. The transformation and privatization of Mongolia’s market economy have brought about the disorder and the rapid expansion of animal husbandry (Buren, 2011; Wang et al., 2020). The livestock population in the Selenge River Basin of Mongolia is growing rapidly, from 11.09 million head in 1990 to 30.05 million head in 2020 (Figure 7C). Compared to the increase in the number of livestock, the change in the proportion of livestock structure has a greater impact on the degree of desertification. The proportion of large livestock, such as horses, cattle, and camels, has decreased, the proportion of small livestock, such as sheep and goats, has increased, and the number of goats on hand has surged, which is equivalent to the number of sheep. Grasslands eaten by goats and sheep take a long time to recover (Su, 2015; Liu et al., 2018). The increasing number of goats has making big challenge for the environmental carrying capacity for the local animal husbandry.
4 CONCLUSION
The Mongolian plateau has been facing the threat of desertification for a long time. Facing the requirements of precise desertification reversion, this study selected four typical desertification indicators, namely NDVI, MSAVI, TGSI, and Albedo, and constructed five feature space models in a point-to-point, point-to-line and vertical direction division to obtain the optimal characteristic space model for desertification monitoring in the Selenge River Basin, Mongolia. The spatial and temporal dynamic pattern of desertification distribution from 1990 to 2020 in the region and its main driving factors were further analyzed. The main conclusions are as follows: 1) Compared with the other four feature space models, the point-to-line Albedo-MSAVI feature space model has the highest recognition accuracy of 84.89% for desertification in the basin. 2) The desertification level of the Selenge River basin is mainly low and medium on the whole, the high desertification is mainly located in BULGAN and HOVSGOL provinces in the middle-upper reaches of the basin, and the severe desertification is mainly located in TOV province and Ulaanbaatar in the middle-lower reaches of the basin. 3) From 1990–2020, desertification degree in the Selenge River Basin has further deteriorated, and the area of high and serve desertified land has expanded significantly. Within the stage, 1990–2015 was a period of rapid increase in desertification. However, from 2015–2020, recovery takes the dominant position. The regions with high conversion frequency of desertification degree are mainly concentrated in the central and southeastern of the Selenge River Basin. The joint effects of large fluctuations in temperature, overgrazing and population migration aggravate the desertification degree in this region. The research results can provide the desertification retrieving method recommendation and land degradation nutrition measures decision support in the Selenge River Basin and the whole Mongolian Plateau. In the next step, the quantitative identification of driving forces of desertification will be done for enhancing the relationship study among desertification retrieving, and the climate change and human activities. (chasek et al., 2019; Collado et al., 2002; Eckert et al., 2015; Liu et al., 2007; Yan and Wu, 2013; Zongfan et al., 2022).
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