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Abstract

:

The desert-oasis ecotone, as a crucial natural barrier, maintains the stability of oasis agricultural production and protects oasis habitat security. This paper investigates the dynamic evolution of the desert-oasis ecotone in the Tarim River Basin and predicts the near-future land-use change in the desert-oasis ecotone using the cellular automata–Markov (CA-Markov) model. Results indicate that the overall area of the desert-oasis ecotone shows a shrinking trend (from 67,642 km2 in 1990 to 46,613 km2 in 2015) and the land-use change within the desert-oasis ecotone is mainly manifested by the conversion of a large amount of forest and grass area into arable land. The increasing demand for arable land for groundwater has led to a decline in the groundwater level, which is an important reason for the habitat deterioration in the desert-oasis ecotone. The rising temperature and drought have further exacerbated this trend. Assuming the current trend in development without intervention, the CA-Markov model predicts that by 2030, there will be an additional 1566 km2 of arable land and a reduction of 1151 km2 in forested area and grassland within the desert-oasis ecotone, which will inevitably further weaken the ecological barrier role of the desert-oasis ecotone and trigger a growing ecological crisis.
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1. Introduction


The spatial interface between two or more ecological regions and their material, energy, and structural and functional systems is called an ecotone or an ecological ecotone [1]. The desert-oasis ecotone is distributed along the periphery of an oasis and is characterized by a zone of desert vegetation that separates the extensive desert from the oasis [2]. The ecotone records the interaction and mutual transformation between the desert and oasis ecosystems [3] and serves as an ecological link connecting the two. A desert-oasis ecotone is a unique ecosystem between a desert and an oasis, usually characterized by low diversity, sparse cover, and dominance by perennial herbaceous grasses and semi-shrubs, such as Phragmites australis, Tamarix ramosissima, Karelinia caspia, and Alhagi sparsifolia. The ecotone can be used for ranching (of both livestock and wild animals); its vegetation can also increase the roughness of the underlying ground surface, thereby hindering the development of desertification and protecting the oasis from wind erosion and sand deposition [4,5,6,7]. At the same time, the desert-oasis ecotone is the interface between the oasis ecosystem and the desert ecosystem where energy, material, and information exchange occurs [8], which is highly sensitive to external environmental and human disturbances, affected easily by human activities, including the expansion of cultivated land and urbanization and precipitation [9]. A desert-oasis ecotone being a natural ecological barrier that prevents the desert from expanding into the oasis, its analysis provides an important indicator and an early warning of ecological changes. The desert-oasis ecotone also plays a large role in the development of the oasis economy. Therefore, the ecotone has been a topic of significant research in recent years. Previous research on this ecotone primarily focuses on characterizing and classifying the vegetation diversity, microclimate, and soil moisture, among other parameters in the ecotone and/or oasis [8,10,11,12]. The comparison of these studies has partially revealed the causes of formation and the ecological environment of ecotones in deserts and oases of different arid areas, thus providing the empirical basis for the ecological protection of desert-oasis ecotones.



The observed changes and development of ecotones are closely related to the dynamic evolution of the overall environment and climate of the region, as well as human influencing factors. Maintaining the stability and development of oases requires a comprehensive analysis of long-term trends and of the causes of the changes in the ecotone as well as within the entire basin. However, such studies are generally lacking. Previous studies have also shown that changes in the ecotone are closely related to changes in land-use type, which provides research ideas for predicting future changes in the ecotone. Thus, the future dynamic evolution of the ecotone can be inferred by predicting land-use changes.



There are many methods of simulating and predicting the evolution of land-use patterns, such as system dynamics, CLUE-S, artificial neural network (ANN), and cellular automata–Markov chain (CA-Markov) methods [13,14,15,16]. The system dynamics model is based on cybernetics, information theory, and system theory to analyze the drivers of land-use change. At present, the system dynamics simulation software STELLA has not been fully combined with the spatial analysis function of GIS to implement land-use change simulation and has not played its role as a powerful dynamics system. [17]. The CLUE-S model has limitations, and the setting of some parameters in the model mainly relies on expert knowledge, which will bring a high degree of subjectivity [13]. The ANN simulation of land-use change requires long simulation times, and the method does not provide the user with a specific evolution formula and contains large errors [18]. The CA-Markov model not only retains the advantages of the Markov model for long-term prediction but also integrates the ability of the cellular automata (CA) model to simulate complex spatiotemporal system changes. Thus, the CA-Markov model can better simulate land-use changes in time and space and has been widely used [19,20,21].



In the Tarim River Basin, artificial oasis [22] and desertification processes are increasing [23]. As a result, the desert-oasis ecotone has rapidly decreased in size and ecological concerns have become increasingly prominent. Meanwhile, the rapid advancement of urbanization in the Tarim River Basin, as well as the continuous development of the social economy, has led to significant changes in the pattern of land use, which have produced a series of impacts on the ecological environment of the ecotone.



The main purposes of this study are (1) to analyze the spatial and temporal variability and driving forces of the desert-oasis ecotone in the Tarim River Basin from 1990 to 2015, (2) to evaluate the applicability of the CA-Markov model, and (3) to further predict the near-future land-use changes in the Tarim River Basin. This study will deepen our knowledge of the evolution of the desert-oasis ecotone, which has important implications for the protection of the ecological environment in the arid zone and the construction of an ecological civilization in the Silk Road Economic Belt.




2. Study Area


The Tarim River Basin is an inland basin located far from the ocean in northwest China (Figure 1). The area is characterized by a temperate arid continental climate with scarce precipitation and strong evaporation. In the study area, the average annual precipitation is about 53.14 mm, while the annual potential evaporation is much higher, about 2196 mm. The average annual temperature is about 3.9℃, which is typical of an inland arid climate. The basin covers an area of 1.02 × 106 km2 and is the largest inland river basin in China (Figure 1). In response to the global climate change and increasing human activities, the natural ecosystems in the basin are facing a series of crises and challenges. Its fragile ecological environment possesses abundant natural resources [24]. The drainage network in the basin consists of the main stream of the Tarim River and 144 drainage systems associated with nine major tributary basins: the Yarkand River, the Aksu River, the Kaidu-Kongque River, the Hotan River, the Kaxgar River, the Weigan River, the Dina River, the Keriya River, and the Qarqan River. The tributaries to the main stream of the Tarim River form a centripetal shape around the Tarim Basin [25]. The Tarim River is a dissipative inland river whose runoff is mainly supplied by meltwater from glaciers and snow. The sources of the Tarim River runoff include glacial melt water, accounting for 48.2%; precipitation in the form of rain and snow, accounting for 27.4%; and river base flow, accounting for 24.4% of the total [26,27]. The Tarim River Basin is a typical oasis agricultural production area in China; the oasis area in the basin has been increasing, and arable land has increased during the past 30 years. This has led to a shortage of water in the basin, which is mainly used for agriculture. The demand for agricultural irrigation water is large and accounts for about 96% of the total water use in the Tarim River Basin [28].




3. Materials and Methods


3.1. Materials


To analyze the dynamic evolution of the Tarim River Basin and its ecotone, and the factors controlling the observed changes, this article mainly uses remote sensing, land use, and meteorological data collected between 1990 and 2015. The analyzed historical trends in such parameters as the area of land-use transfer were subsequently used to extrapolate and predict the potential future changes in the study area.



3.1.1. Remote Sensing Data


Landsat 5 Thematic Mapper (TM)/Landsat 7 Enhanced Thematic Mapper (ETM) +/Landsat 8 Operational Land Imager (OIL) satellite imagery from 1990, 2000, and 2015 (a total of 78 pieces, Table S1) was used in this study. The acquisition time was from June to September of each year. The cloud cover was less than 10%, and the pixel resolution of the data set was 30 m × 30 m. The ENVI 5.3 software was used to perform radiometric calibration, atmospheric correction, and Normalized Difference Vegetation Index (NDVI) extraction calculations on the remote sensing images.




3.1.2. LUCC Data


The land-use data set for the Tarim River Basin was obtained from the existing remote sensing monitoring data set of land use in China. It was provided by the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (http://www.resdc.cn). In this paper, we used three periods of Chinese land-use data (30 m × 30 m), collected in 1990, 2000, and 2015. The database offers the most comprehensive coverage of China’s land use/land cover and has been used in a number of published studies [29,30]. The land-use types were classified into six categories: arable land, forest, grassland, water, built-up land, and unused land (Table S2).




3.1.3. Meteorological Data


Monthly scale meteorological information on temperature, precipitation, wind speed, humidity, and pressure from 1990 to 2015 for 26 meteorological stations in the Tarim River Basin were used to describe the recent changes in climatic conditions. The meteorological data were obtained from the China Meteorological Science Data Sharing Service Network, which have good continuity and has been tested for consistency. Station selection required the following: (1) the station was a national ground meteorological station, and (2) missing data accounted for less than 1% of the total data.




3.1.4. Groundwater Data


We selected groundwater-level data from the Yarkand, Kaxgar, and Weigan river basins. Three groundwater monitoring wells were selected for each basin. Groundwater data for the Yarkand River Basin (2004–2010) were obtained from the Kaxgar Hydrological Bureau, and the groundwater data for the Weigan River Basin (2000–2012) and the Kaxgar River Basin (2004–2010) were obtained from groundwater monitoring wells deployed by the Xinjiang Institute of Ecology and Geography of the Chinese Academy of Sciences for multi-year actual measurements.





3.2. Methods


3.2.1. NDVI Calculation


Vegetation indices are often used for vegetation analysis [31,32,33] and are typically formed by combining certain bands of image spectral data that possess vegetation-sensitive properties. Widely used vegetation indices include simple vegetation indices, ratio vegetation indices, NDVI, and transformed normalized vegetation indices [33,34]. The NDVI was used as the analysis index. It was calculated as follows:


  NDVI =   NIR − R   /   NIR + R    



(1)




where NIR is the TM near-infrared band value and R is the TM visible-red band value. The range of the image element values was -1 ≤ NDVI ≤ 1. Negative values indicate that the ground cover consists of clouds, water, snow, etc.; 0 indicates the occurrence of rock or bare soil; positive values indicate that there is vegetation cover, and the values increase with increasing coverage.



ENVI 5.3 was used to perform radiometric calibration, atmospheric correction, and mosaic and other processing of the Landsat images. The NDVI calculation tools were used to calculate and output images from the three selected years separately. The calculation results were then loaded into ArcGIS10.6, which was used to eliminate outliers. The GIS raster calculator was used to extract the desert-oasis ecotone.



Sun et al. (2020) indicated that when the NDVI is between 0.05 and 0.35, the scope of the delineated ecotone can match the actual scope of the ecotone to a greater extent [35]. On this basis, we also combined visual interpretation and field verification to exclude the artificial protection forest and arable land in this range, and with this criterion, the desert-oasis ecotones of the Tarim River Basin in 1990, 2000, and 2015 were obtained.




3.2.2. Land-Use Transfer Matrix


This research quantitatively studied the conversion between land-use types in different years. ArcGIS and MATLAB were used to process the land-use TIFF data from the study area and to calculate the land-use transfer matrix from 1990 to 2015.



The land-use transition matrix was derived from system analysis and was used to quantitatively describe the mutual feedback relationship between the system state and the state transition. Put differently, the matrix describes the change in conditions of the system from time T to time T + 1 [36]. At present, it is widely used to describe the internal characteristics of the transfer structure and transfer direction of land-use/land-cover changes in basins. This method can not only describe the structural characteristics of the land-use area within a period of time but also effectively describes the transfer area and transfer direction of various land-use types at the beginning and the end of the period, as follows:


   S  ij   =        S  11      ⋯     S  1 n        ⋮   ⋱   ⋮       S  n 1      ⋯     S  nn          



(2)




where S is the area; i and j (i, j = 1,2..., n) are the land-use type before and after transfer, respectively;    S  i j     is the area where land use changes from type i to type j; and n is the number of land-use types before and after the transfer.




3.2.3. The Standardized Precipitation Evapotranspiration Index


The Standardized Precipitation Evapotranspiration Index (SPEI) is widely used in global and regional drought detection and characterization [37,38,39,40]. This study used monthly site data and the Penman–Monteith formula to calculate differences in potential evapotranspiration, which were needed to calculate the SPEI. Specifics of the calculation can be found in Allen et al. [2].



A positive SPEI value indicates a relatively wet condition, whereas a negative SPEI value indicates a dry state. An SPEI value between -0.5 and 0.5 indicates normal condition. In this study, SPEIs at 3-month, 6-month, 9-month, and 12-month timescales were used for analysis. The ranges of SPEI values were divided into five classes according to the national meteorological drought scale (Table S3).




3.2.4. The CA-Markov Model


The CA-Markov model was used herein to simulate and predict future land use in the Tarim River Basin. The Markov model is a method for predicting the probability of occurrence at a specified time based on the Markov chain process theory. It is often used for the prediction of geographic events with no after-effect characteristics [41,42]. The evolution of land use has the nature of the Markov process. In fact, land-use type corresponds to the “possible state” of the Markov process, and the area or ratio of the conversion between land-use types can be represented as a state transition probability matrix [43]. The model is expressed as follows:


   S    t + 1     =  P  i j   ×  S t   



(3)






   P  i j   =        P  11      ⋯     P  1 n        ⋮   ⋱   ⋮       P  n 1      ⋯     P  n n          



(4)






  [ 0 ≤  P  i j   < 1   a n d     ∑   j = 1  n     P  i j   = 1   i . j = 1 , 2 ⋯ n   ]  



(5)







In Equation (3),    S    t + 1       is the system state at   t + 1   and      P  ij     is the state transition probability matrix.



The cellular automata (CA) model is a lattice dynamics model with discrete time and space states. It focuses on the interaction of different temporal and spatial characteristic cells and has powerful spatial calculation and simulation capabilities [44,45]. In terms of land-use prediction, the Markov model focuses on the prediction of the amount of land-use change but it cannot spatially express the spatial distribution of the various types of land-use changes. The cellular automata model can express the spatiotemporal dynamic evolution of complex spatial systems, thereby making up for the deficiency in the Markov model [46].



This study applied the CA-Markov model in the Idrisi 17.0 software to land-use data collected in 1990, 2000, and 2015. The first step in the approach used the 2000 data as the starting year and predicted the land use in 2015. The land-use predictions were then compared with the actual land use in 2015 to verify the reliability of the CA-Markov model simulation. Once verified, the spatial patterns in land use in 2030 were predicted using 2015 as the starting year (Figure 2). The images involved in the processing of the Idrisi software are portrayed as raster data, and the land raster size used in this analysis was 30  ×  30 m. The spatial data processing was completed using ArcGIS software.




3.2.5. The Kappa Index


The Kappa index is often used to interpret remote sensing accuracy and to evaluate the similarity of two spatial maps. The Kappa index was used in this study to verify the accuracy of the CA-Markov model for simulating the evolution of land use in each tributary basin [47]. The index is calculated as follows:


  k a p p a =    P o  −  P c     P p  −  P c     



(6)






   P o  =    n 1   n  ,  P c  =  1 N   



(7)




where    P o    is the proportion of the raster that is correctly simulated,     P c    is the desired proportion of correctly simulated raster grid cells,    P p    is the proportion of correctly simulated grids for an ideal classification, n is the total number of grids,     n 1    is the number of grids that are correctly simulated, and N is the number of land-use types (N = 6 in this study). The degree of consistency is weak when the Kappa index is less than 0.2 and significant when the Kappa index is greater than 0.8. A higher Kappa index means a better model simulation. (The detailed relationship between the Kappa index and consistency is shown in Table S4.)






4. Results


4.1. Desert-Oasis Ecotone and Land-Use Changes in the Tarim River Basin


4.1.1. Desert-Oasis Ecotone Changes in the Tarim River Basin


Figure 3 shows the changes in the extent of the desert-oasis ecotone in the Tarim River Basin and its various sub-basins in 1990, 2000, and 2015. The desert-oasis ecotone of the Tarim River Basin declined during this period, decreasing from 67,642 km2 in 1990 to 46,613 km2 in 2015. At the same time, the area of the desert in the study area expanded, with the proportion of desert area increasing from 59.88% in 1990 to 63.36% in 2015.



At the sub-basin scale, the area of the ecotone of each sub-basin also decreased by different degrees, among which the three basins with the most significant area reduction were the Kaidu-Kongque, Weigan and Keriya river basins; the areas of reduction were 2223 km2, 1704 km2, and 5090 km2, respectively (Table S5). While the ecotone decreased in size, the vegetation coverage also significantly decreased, as shown by a drop in the NDVI from 0.142 to 0.127. This indicates a deterioration in the desert-oasis ecotone in terms of area and quality between 1990 and 2015.




4.1.2. Land-Use Changes in the Tarim River Basin


The shrinkage of the desert-oasis ecotone in the Tarim River Basin is closely related to the strong land-use changes in the basin in recent decades. Table 1 further describes the area and proportion of each land-use type in the Tarim River Basin in 1990, 2000, and 2015. Overall, from 1990 to 2015, the area of arable land, water bodies, industrial land, and unused land increased. In contrast, the area of grassland decreased, whereas the area of forest land did not significantly change. Unused land was the dominant land-use type in this area (accounting for about 53%), increasing by 1419 km2 in the preceding two decades. Grassland also represented a dominant land-use type in the area. Grasslands decreased from 35.97% in 1990 to 34.60% in 2015; the areal decrease was 8911 km2. These land-use patterns reflect the intensity and nature of human activities; in fact, the expansion of arable land far exceeds the increase in the area of industrial land. Overall, the arable land area expanded drastically from 1990 to 2015, increasing by 7125 km2, while the area of industrial land increased by only 66 km2. The area of water bodies increased from 1990 to 2000 and then slightly decreased from 2000 to 2015. Over the entire period, the area of water bodies increased by 283 km2. Forest land, which occupies a relatively small proportion of the total, exhibited insignificant changes in the area; its relative proportion was stable, at about 1.90%.



Figure 4 shows the spatial distribution of the interconversion between different land uses in the Tarim River Basin during the period 1990–2015. The increase in arable land in 1990–2015 was mainly in the periphery of the original arable land and oasis and extended to the unused land. The increase in the area of arable land was mainly at the expense of grass land, unused land, and forest land. The increase in unused land was mainly distributed near the location of arable land and original grassland, and its areal expansion mainly came from the degradation of some arable land, forest land, and grassland. The increase in water bodies was mainly distributed in the foothills of the southern edge of the Tarim Basin, such as in the upstream areas of the Hotan and Yarkand river basins, and it was mainly derived from the transformation of grassland (Table S6).





4.2. Driving Force Analysis


Changes in the desert-oasis ecotone of the Tarim River Basin are inextricably linked to natural and anthropogenic factors. Therefore, this study investigated the intrinsic causes and drivers of the changes in the desert-oasis ecotone by changes in climatic parameters and anthropogenic activities.



4.2.1. Meteorological Factors


A total of 26 meteorological stations in the Tarim River Basin were selected, and temporal trends in mean annual temperature and annual precipitation were analyzed. Of the total stations, 22 stations exhibited an increase in temperature and 18 stations exhibited an increase in precipitation (Figure 1). Changes in dry and wet conditions were analyzed by calculating the SPEI for different time scales of drought in the Tarim River Basin from 1990 to 2015. At the 3-month, 6-month, 9-month, and 12-month time scales, average SPEI values exhibited a decrease, indicating enhanced aridification in the study area (Figure 5). Moderate droughts occurred in 2006 and 2008. Since 2000, the frequency and severity of droughts have become stronger, suggesting that droughts are an important reason for the accelerated decline in the ecotone after 2000. The results of the analysis also demonstrate that multi-scale SPEI can effectively show the degree of drought and drought duration in the Tarim Basin. SPEI of different scales show different degrees of interannual oscillations and interannual variability, but the overall direction of change was the same; the study area became more arid after 1990.




4.2.2. Human Factors: Groundwater Changes


Within the Tarim River Basin, where precipitation is extremely low, groundwater is an important source of irrigation water. With the increase in arable land in the basin, the exploitation of groundwater has also increased. For example, groundwater monitoring data collected in the Yarkand, Kaxgar, and Weigan river basins show that groundwater levels have decreased during the 21st century (Figure 6). The most significant decline has been in the Weigan River Basin, where declines in groundwater levels of up to 2.48 m, 4.93 m, and 3.97 m have been observed. The expansion of oasis cultivation and irrigation in the basin has presumably caused a significant decrease in groundwater levels, which is a key hydrological element for the survival of natural vegetation and directly affects the growth and maintenance of natural vegetation in the desert-oasis ecotone.





4.3. Simulation and Prediction of Land Use in the Ecotone and Its Basin in 2030


4.3.1. Accuracy Verification


Since the shrinkage of the ecotone is closely related to land-use type changes, we also predicted future land-use changes based on the CA-Markov model in order to understand the future changes of the transition zone. To simulate future land-use changes in the basin, we first validated the accuracy of the 2015 land-use data. Since the desert-oasis ecotone of the Tarim River Basin is included in the whole Tarim River Basin area, we directly validated the accuracy of the simulation of the entire basin. The land-use structure of the study area was simulated and predicted based on the CA-Markov model. Land-use maps in 1990 and 2000 were defined as input data to simulate land use in 2015. Effectiveness of the simulation was assessed using spatial raster contrast in which the land-use type in specific spatial locations was compared to the actual 2015 land-use map.



Figure 7 shows that the simulation error, as determined by inconsistent land-use locations, was 3.62% of the total number of raster cells. Most inconsistencies appeared adjacent to water bodies and forest land. A total of 96.38% of the regions were consistent with the actual map in 2015. The Kappa index of the simulation result was 0.9551, also indicating the high reliability of the result and the CA-Markov model in predicting land-use types. The Kappa index of each sub-basin in the Tarim River Basin exceeded 0.80, which meets the accuracy requirement of the Kappa index.



The quantitative accuracy of the area of each land type in the simulation was also evaluated by comparing it with the actual area in 2015 (Table 2). The prediction error in 2015 was expressed as the absolute value of the error between the predicted and actual values of each land-use type area. Except for forest land and water bodies, where the error was 6% and 8.56%, respectively, the error in predicting the land-use types was within 5%. The error associated with industrial land and unused land was less than 1%, indicating that the simulation method had a high precision and credibility. Therefore, the CA-Markov model was able to effectively simulate the land-use changes in the study area and can be used to simulate future land use.




4.3.2. Forecast of Changes in the Desert-Oasis Ecotone in the Tarim River Basin


Figure 8 predicts the spatial distribution of land-use change in the Tarim River Basin in 2030 using the CA-Markov model. The prediction suggests that past land-use trends in the Tarim River Basin will continue in 2030 (Table S7). The land type with the greatest change will be arable land, whose area will increase from 31,647 km2 in 2015 to 34,909 km2 in 2030, an increase of 10.31%. The land-use type exhibiting the largest decrease will be grassland (it will decrease by 12,497 km2 compared to 2015), while forest land area, industrial land, water bodies, and unused land will exhibit a small increase. Future projections and simulations of land types within the Tarim River desert-oasis ecotone can infer its ecological status and development trends. This study simulated and predicted land-use changes within the ecotone by 2030, using the 2015 ecotone extent as the boundary. Land-use changes within the ecotone show a similar trend to the entire area. The simulation found that the arable land area in the ecotone will increase significantly, from 1033 km2 in 2015 to 2599 km2 in 2030, while the areas of forest and grassland will decrease by 318 km2 and 833 km2, respectively. As the area of natural vegetation decreases and the arable land increases within the ecotone, the quality of the future ecotone habitats will further deteriorate.






5. Discussion


5.1. Criteria for the Classification of the Desert-Oasis Ecotone


There are different approaches to the current delineation of the desert-oasis ecotone. Most scholars define the ecotone as a zone of limited width along the edge of the oasis [48], while others extend the ecotone to the entire foothills or define it as terrain without a clear spatial location [49]. In this study, we found that the usual criteria for delineating the desert-oasis ecotone do not work well in the Tarim River Basin, which consists of a large area composed of many watersheds. As a result, the ecotone is not uniformly distributed. Therefore, the NDVI contour data calculated from the TM images (30 m resolution) were used here, in conjunction with the remote sensing images of land-use/land-cover change in 1990, 2000, and 2015. The land-use type corresponding to the NDVI values in the range between 0.05 and 1 were interpreted to be forest and grassland, whereas the land-use type corresponding to NDVI values between 0.35 and 0.95 were mostly artificial oases organized in neat patterns of blocks and strips. Thus, NDVI values in the range between 0.05 and 0.35 were selected as the desert-oasis ecotone in the Tarim Basin. The results were verified by using ENVI and ACRGIS to interpret, classify, and digitize the images from the three analyzed years, and the results were verified by fieldwork.




5.2. Combined Effect of Climate Change and Human Activities on the Desert-Oasis Ecotone


Analysis of temperature and precipitation in the study area shows that both parameters have increased since 1990 (Figure 1) but the increase in temperature has been much greater than the increase in precipitation. By calculating the SPEI values of the basin for different time scales, we found that there has been an increase in drought conditions in the study area since 2005, especially during the years of 2005, 2006, and 2008, when droughts reaching the moderate level occurred year-round. The increase in droughts, and external climatic changes in general, may be an important reason for the accelerated decrease in the area of the ecotone after 2000. Runoff (flow) in the Tarim River Basin is primarily generated in high mountain areas where glaciers and snowmelt recharge dominate. The input from these water sources is very sensitive to global climate change. The increased hydrological volatility and water resource uncertainty caused by climate change may lead to more prominent conflicts between water supply and demand in the oasis economy and desert ecosystem in the basin [50].



Because of the expansion of arable land, agricultural water consumption remains high. Agricultural water has long been the main form of water in this area. The proportion of agricultural water is too large, and the water structure is seriously imbalanced. The proportion of agricultural water in the basin has long been as high as about 95%, which is much higher than the Chinese average (65%) and the world average (70%). At present, the development of water resources in the Tarim River Basin has greatly exceeded the carrying capacity of regional water resources [28]. For example, the groundwater level in the Kaxgar River Basin dropped by nearly 1 m between 2004 and 2010 and the water crisis has become more prominent [25]. Groundwater overexploitation has led to the degradation of desert vegetation and damage to ecosystems [51]. For instance, the 321 km river cutoff in the downstream reach of the Tarim River has caused shrinkage and even disappearance of oases [52,53]. The reduction in ecological water has also led to a decrease in surface vegetation cover, NDVI, and the area of the desert-oasis ecotone.




5.3. Applicability of the Land-Use Change Model and Future Work


Human influence on land use reflects not only natural factors but also economic and social factors. Therefore, predicting land-use changes is extremely important for promoting natural, economic, and sustainable development and protecting ecological balance. Relevant data show that the irrigated area of the Tarim River Basin has increased by 67% in the last 30 years [53] and the future expansion of cultivated land area will decrease ecological space and ecological water, leading to a shrinkage in the desert-oasis ecotone and a decline in its function as an ecological barrier. Therefore, it is necessary to perform quantitative prediction and analysis of future land-use and pattern changes in the Tarim River Basin. The CA-Markov model is widely used in urban land-use pattern simulation and in the assessment of watershed land-use change; however, the model has rarely been applied in arid areas, especially in areas with complex geographical features combining desert-oasis characteristics. This study experimentally applied and optimized the CA-Markov model using relevant, scientifically selected factors, and improved the simulation accuracy to obtain reliable prediction results. As a case study, it provides a good example and basis for the prediction of land-use change in arid areas.



The model also has a few shortcomings related to the quantification of some factors. For example, the influence of road distance, water body distance, and various administrative policies were not considered and the analysis of the social, geographical, economic, and resource environment that affects land-use changes was not fully characterized. Therefore, to improve model accuracy, future research should consider the influence of natural and human factors on the change in the geospatial system. In addition, future research can attempt to establish a model of land-use/land-cover change under the joint action of several different influencing factors and different decision makers by adding weighting elements.





6. Conclusions


This paper investigated the dynamic evolution of the desert-oasis ecotone in the Tarim River Basin and predicted the near-future land-use change in the desert-oasis ecotone using the CA-Markov model. The main findings of this paper are as follows:



With the decrease in the NDVI (from 0.142 in 1990 to 0.127 in 2015) of the desert-oasis ecotone, the area of the ecotone also shrank from 67,642 km2 in 1990 to 46,613 km2 in 2015. In the context of global climate change, the temperature showed a significant increase compared with precipitation, which led to an obvious increase in aridity in the study area. Meanwhile, the increase in arable land area led to a decrease in the groundwater table. The above factors have led to the shrinkage of the desert-oasis ecotone in the Tarim River Basin.



The CA-Markov model was verified to have good applicability in this study area, which was used to predict and simulate the future land dynamics of the study basin. Assuming the present development trend continues without intervention, the arable land area in the ecotone will increase from 1033 km2 in 2015 to 2599 km2 in 2030 and the woodland area and grassland area will decrease from 318 km2 to 833 km2, respectively. The main land-use types in the Tarim River Basin in 2030 will be arable land, unused land, and grassland.



In light of the above conclusions, it is necessary to establish reasonable management countermeasures for land-use planning in Tarim River Basin development to achieve sustainable development and protect the ecology of the basin.
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Figure 1. Map of the study area showing the Tarim River Basin and its nine main tributary river basins: the Kaidu-Kongque, Aksu, Weigan, Yarkand, Qarqan, Dina, Hotan, Kaxgar, and Keriya river basins; (a) the elevation of this area ranges from 781 to 8538 m above sea level; the spatial and temporal distribution of (b) temperature and (c) precipitation changes from 1990 to 2015. The black triangles represent the meteorological stations. Blue and red represent the increase and decrease, respectively, and the size of the triangle represents the magnitude of the change. 
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Figure 2. Flow chart showing primary steps in the simulation process. 
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Figure 3. The areal extent of the ecotone in 1990, 2000, and 2015 in each basin. The lower maps show changes in the local ecotone in (1) the Weigan River Basin, (2) the Keriya River Basin, and (3) the main stream of the Tarim River. 
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Figure 4. Land-use transfer map of the Tarim River Basin from 1990 to 2015. The lower maps show the local changes in (1) the Weigan River Basin, (2) the Keriya River Basin, and (3) the main stream of the Tarim River. 
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Figure 5. Time series of the 3-, 6-, 9-, and 12-month SPEI values in Tarim River Basin from 1990 to 2015. 
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Figure 6. Changes in the groundwater table in (a) the Kaxgar River Basin, (b) the Yarkand River Basin, and (c) the Weigan River Basin. The dots represent the observation points of the groundwater level, and the fold lines represent the change in the trend of the groundwater level. The color of the fold line is consistent with the color of the observation point of the groundwater level. 
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Figure 7. Comparisons of measured (a) and simulated (b) land-use maps of the Tarim River Basin in 2015, along with verification of forecast accuracy; (c) The simulation error between 1990 and 2015; (d) the Kappa index for each river basin. 
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Figure 8. Land-use in Tarim River Basin in 2030. 
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Table 1. Areas and proportions of land-use types in the study area in 1990, 2000, and 2015.
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Type

	
1990

	
2000

	
2015




	
Area

(km2)

	
Ratio

(%)

	
Area

(km2)

	
Ratio

(%)

	
Area

(km2)

	
Ratio

(%)






	
Arable land

	
24,522.41

	
3.79

	
26,725.11

	
4.13

	
31,647.51

	
4.89




	
Forest land

	
12,055.43

	
1.86

	
12,688.41

	
1.96

	
12,062.48

	
1.87




	
Grassland

	
232,629.10

	
35.97

	
226,322.97

	
35.00

	
223,717.63

	
34.60




	
Water

	
34,774.43

	
5.38

	
35,508.45

	
5.49

	
35,057.50

	
5.42




	
Industrial land

	
1563.65

	
0.24

	
1497.20

	
0.23

	
1630.12

	
0.25




	
Unused land

	
341,124.92

	
52.75

	
343,917.04

	
53.18

	
342,543.93

	
52.97
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Table 2. Comparison between simulated and actual land use within the study area in 2015.
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	Type
	Predicted Area

(km2)
	Ratio

(%)
	Actual Area

(km2)
	Ratio

(%)
	Quantitative

Accuracy Error (%)





	Arable land
	33,073.94
	5.04
	31,647.51
	4.89
	4.51



	Forest land
	12,786.20
	1.27
	12,062.48
	1.87
	6.00



	Grassland
	216,813.78
	33.36
	223,717.63
	34.60
	3.09



	Water
	38,060.14
	6.14
	35,057.50
	5.42
	8.56



	Industrial land
	1638.14
	0.26
	1630.12
	0.25
	0.49



	Unused land
	344,293.60
	53.93
	342,543.93
	52.97
	0.51
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