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Abstract

:

The global land surface cover is undergoing extensive changes in the context of global change, especially in the Loess Plateau, where ecological restoration policies have been vigorously implemented since 2000. Evaluating the impact of these policies on land cover is of great significance for regional sustainable development. Nonetheless, there are few quantitative assessment studies of the impact of ecological restoration policies on land use and land cover change (LULCC). In this study, a relative contribution conceptual model (RCCM) was used to explore the contribution of the policies to LULCC under the influence of natural background change, which was based on the Markov chain and the future land use simulation (FLUS) model. The results show that LULCC is influenced by ecological restoration policies and the natural environment, of which the policies contribute about 72.37% and natural change contribute about 27.63%. Ecological restoration policies have a profound impact on LULCC, changing the original direction of LULCC greatly. Additionally, these policies regulate the pattern of LULCC by controlling the amount of cropland as a rebalanced leverage. These findings provide useful information for facilitating sustainable ecological development in the Loess Plateau and theoretically supporting environmental decision-making.
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1. Introduction


The global land surface cover is undergoing extensive changes in the context of global change, which have profound effects on terrestrial ecosystems [1,2,3,4,5]. Land use and land cover change (LULCC) is a comprehensive reflection of the interaction between the natural environment and human activities [6,7]. Global warming leads to the forest boundaries moving northward [8,9], the shrinking of glaciers and icecaps [10], and the changes of vegetation in coastal beaches [11]. Simultaneously, human activities (e.g., grazing, agricultural intensification, urbanization, and afforestation) have transformed up to half of the global land surface [12,13], which significantly disturbs the surface energy and regional carbon storage balance [13,14]. Therefore, timely and quantitative assessment of LULCC is of great significance for promoting regional sustainable development and has become a hot spot in the field of geography and sustainable science [6,15].



The implementation and promotion of ecological restoration policy are one of the important drivers of LULCC [6,16]. There are many ecological restoration projects led by the government or the regions around the world, which directly change the land surface cover [17,18,19,20,21]. For example, the Bonn Challenge is the first global commitment for forest restoration under international cooperation [19]. America’s Conservation Reserve Program (CRP) encourages farmers to discontinue their crops on the fragile farmland and instead plant permanent vegetation [17,18]. The Common Agricultural Policy (CAP) of the European Union (EU) has influenced the evolution of European agricultural landscapes by promoting the change of land use and agricultural practices [20,21]. The Grain for Green program (GFGP) implemented by the Chinese government is one of the largest ecological restoration programs in the world and aims at transforming cropland to forest and grassland [22]. These ecological restoration policies provide a variety of environmental benefits, such as increasing greening [23,24], creating wildlife habitats [19,25], and storing carbon [26], but are also controversial because of some of the adverse effects on regional ecological environment [21,27]. Therefore, it is necessary to assess the effectiveness of ecological restoration policy and balance the favorable and adverse effects timely.



A variety of studies for assessing the effect of ecological restoration policy have been reported. Comparison methods are typically used to identify the influence of policies. Wu et al. compared the vegetation activities in and outer of the Beijing–Tianjin Sand Source Control Program region and evaluated the impacts of ecological restoration program on the vegetation [28]. Melanie et al. identified the impact of zoning regulations on urban watersheds by comparing before and after the implementation of zoning [16]. Renato et al. analyzed the global forest restoration effect by meta-analysis [19,25]. Fu et al. compared the indicators of ecosystem services in different scenarios in the Altai region [29]. However, few studies quantify the effect of ecological restoration policies on the background of environmental change. Despite the numerous studies focusing on the assessment of the effectiveness of ecological restoration policies, some questions remain unclear. How do ecological restoration policies affect LULCC? To what extent do these policies influence LULCC under the background of environmental change?



To quantitatively assess the net effect of the ecological restoration policy on LULCC, it is necessary to distinguish the policy effects from the influence of natural background, and determine LULCC under natural conditions [30]. LULCC modeling is one of the common methods for simulating land use and land cover in different scenarios [31,32,33]. A future land use simulation (FLUS) model [33] provides a reliable and reproducible way to analyze the attribution of possible future land use dynamics. The FLUS model is an integrated model that can be used to simulate multi-type future land use scenarios by coupling human activities and natural effects [33,34,35]. Based on this model, the pattern of LULCC in China from 2010 to 2050 [33] and the urban growth boundary of pearl river delta in 2020–2050 [36] have been simulated. Li et al. simulated the change of global land use pattern over the next 100 years in different climate change scenarios with the FLUS model [34]. Thus, the FLUS model can effectively simulate the land use dynamics under different scenarios and further explore the possible causes and consequences of LULCC. However, given that the influence of natural background change on LULCC is perpetual and underlying, it is challenging to separate the role of supplementary ecological policies from that of potential natural background [12,37].



Against this background, our main objective was to quantitatively assess the impact of the GFGP on LULCC in the Loess Plateau of China. Thus, we developed a relative contribution conceptual model (RCCM) to separate policy effect from normal background change. In this study, the temporal and spatial variation trend of LULCC since 1990 was investigated first. Additionally, the contributions of the normal background change and the GFGP to different types of land use and land cover were evaluated. Finally, for further understanding the effect of the GFGP on LULCC, the change trajectory of the LULCC after the GFGP implementation was compared with the normal background LULCC. The study results provide useful information for facilitating sustainable ecological development in the Loess Plateau and theoretically supporting environmental decision-making.




2. Study Area and Data


2.1. Study Area


The Loess Plateau is located in central China, including parts of Ningxia, Shaanxi, Shanxi, Henan, Gansu, Qinghai, and Inner Mongolia, with a total area of 640,000 km2. It is an arid and semi-arid region with annual precipitation of 200–800 mm [26,30] and a mean annual temperature of 3.6–14.0 °C [38]. The lowest and highest elevations in the Loess Plateau are 94 and 4987 m, respectively (Figure 1). Grassland, cropland, and woodland constitute the most important land use and land cover types in the Loess Plateau [23]. Cropland and woodland are mainly distributed in the southeastern region of the Loess Plateau, while the main land use and land cover types in the northwestern region are grassland and cropland. The Loess Plateau has experienced dramatic LULCC, especially after 2000, when China began investing heavily in the conservation and restoration of natural ecosystems [39,40,41,42]. The GFGP is one of the largest ecological restoration programs in the world, which began in Shanxi province, and then was widely implemented in the Loess Plateau around 2000 [22]. The year 2000 was selected as a turning point to explore the impact of policies on LULCC in this study.




2.2. Data Sources


2.2.1. Land Use and Land Cover Data


The land use and land cover data from 1990 to 2010 were provided by the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn), with a spatial resolution of 1 km and a temporal resolution of 5 years [6,43]. These data were produced through visual interpretation of Landsat TM/ETM+ and Landsat OLI after being georeferenced and ortho-rectified [43] and included six land use and land cover types: cropland, woodland, grassland, water body, built-up land, and unused land (including sandy land, Gobi, salina, swampland, bare soil, bare rock, and others) [6,15] (Figure 2). The accuracy assessments for land use classification were addressed in previous studies [44,45], and the accuracy was greater than 90% [6,15,43]. To verify the applicability of these data, 50 random sampling points were selected for each of the six types and compared with the high spatial resolution images in Google Earth (http://www.google.com/earth) with the help of the Environment for Visualizing Images (ENVI 5.2). The overall accuracy of the verification was over 92%, which indicated that it could be used to analyze the LULCC in the Loess Plateau.




2.2.2. Other Data


Other data used in this study include climate factors, topographic factors, soil characteristic factors, and locational factors. The climate raster data were derived from the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn) with a spatial resolution of 1 km. The climate raster data were established based on more than 2400 meteorological daily observations in China by sorting, calculation, and spatial interpolation [46]. We extracted the mean annual precipitation and temperature data in the Loess Plateau from 1990 to 2010. The soil characteristic data were obtained from the China Soil Map-Based Harmonized World Soil Database (v1.1) provided by the Cold and Arid Regions Sciences Data Center at Lanzhou (http://westdc.westgis.ac.cn). These include soil organic carbon, percentage of clay, percentage of sand, and percentage of silt [47]. The digital elevation model (DEM) data, with a spatial resolution of 90 m, were obtained from the Geospatial Data Cloud website, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). The topographic factors, such as slope and aspect, were calculated based on the elevation. The geographic ancillary data, including administrative boundary, administration center, railways, highways, and rivers, were collected from the National Administration of Surveying, Mapping, and Geoinformation of China (http://ngcc.sbsm.gov.cn). These vector data were transformed to raster data with a spatial resolution of 1 km, and the distances from each pixel to the administration center, railways, highways, and rivers were calculated. To match the spatial reference of the land use and land cover data, all data were geo-registered to the same coordinate system and resampled to a spatial resolution of 1 km.






3. Methods


Following the overall research flowchart (Figure 3), we first analyzed the spatial and temporal characteristics of the LULCC since 1990. Then, a RCCM was used to separate the contribution of supplementary ecological policies in LULCC from the normal background LULCC. Besides, the demand for each land use and land cover type was calculated as an input for the FLUS model. Finally, we simulated the patterns of land use and land cover under the no-policy scenario and the policy scenario respectively. The scenario in which the LULCC is less affected by the policy is considered as the no-policy scenario, and the scenario in which the LULCC is both influenced by the normal background change and the intervention of supplementary policy is defined as the policy scenario. We compared the LULCC after the policy intervention (GFGP) with the normal background LULCC in the Loess Plateau to explore the effect of the GFGP on the trajectory of LULCC.



3.1. Analyzing LULCC in the Loess Plateau Since 1990


To reveal the spatial and temporal characteristics of LULCC, a transition matrix was used to describe the scale of LULCC in two periods, from 1990 to 2000 and from 2000 to 2010. The transition matrix not only expresses the pattern and composition of land use in different periods but also reflects the direction of the transition between different types during the study period [48,49,50]. In this study, the LULCC transition matrix of the Loess Plateau was established for different periods, and the gains and losses were calculated based on the LULCC transition matrix. A gain in one type of land use and land cover was equivalent to the increase in this type, while a loss in one type of land use and land cover is the amount of this type that was converted to other types during the study period [49,51].




3.2. LULCC Estimation by Markov Chain


3.2.1. Description of the Markov Chain


To obtain theoretical predictions of every single land use type in the future, the Markov chain model was used to simulate the amount of future land use types. The Markov chain model is one of the common methods used to simulate the scale and trend of LULCC [52,53,54], which reflects the process of land use and land cover undergoing transitions from one status to another [55,56]. It can explain the transition possibilities between different types of land use and land cover and predict the possible quantity and changes of each type in the future according to the transition possibilities [49,57].



The transition possibilities    P  i j     from the   i    th type to the   j    th type from time  t  to time   t + 1   is determined as Equations (1) and (2) [52,54]:


   P  i j   =    n  i j      n i     



(1)






     P  i j   =  [           P  11        P  12          P  21        P  22              ⋯     ⋯             P  1 k          P  2 k                 ⋮        ⋮       ⋱   ⋮           P  k 1        P  k 2          ⋯     P  k k        ]        ∑   j = 1  k   P  i j   = 1     0 ≤  P  i j   ≤ 1    (  i , j = 1 , 2 , 3 … . , k  )     



(2)




where    n i    is the total number of pixels of  i th type transformed over the transition period,    n  i j     is the number of pixels transformed from  i th type to  j th types, and  k  is the number of land use and land cover types in the study area.



The status of land use and land cover at time   t + 1   (    LC   t + 1    ) relies only on the current status at time  t  (    LC  t   ) and is independent of any time before time  t  [53,54,55]. Equation (3) describes the properties of the Markov chain model:


  L  C  t + 1   =  P  i j   × L  C t   



(3)








3.2.2. A Relative Contribution Conceptual Model (RCCM)


To quantitatively assess the response of LULCC to ecological restoration policy under the influence of natural background change, a RCCM was established to separate the role of ecological restoration policy in LULCC from that of the normal background change. Normal background change refers to the factors that make land use and land cover itself change without ecological restoration policy, which were considered as the nature factors in this study (Figure 4). It is assumed that under the influence of the natural environment, the land use and land cover changed evenly over time based on the Markov chain, that is, the LULCC of the latter period is the same as that of the previous period, which is represented by the solid green line “AC” in Figure 4a. This scenario in which the LULCC is less affected by the policy is considered as the no-policy scenario. The policy intervention is supplemented at time t2, leading to the LULCC deviating from the changing trend under the no-policy scenario, which is shown as the solid orange line “BD.” This scenario in which the LULCC is both influenced by the normal background change and the intervention of supplementary policy is defined as the policy scenario.



The difference of     LC    t 3      and     LC    t 2      (i.e., DE) represents the LULCC caused by both natural background and supplementary policies. The deviation of     LC    t 3      from     LC    t 2      (i.e., CE) represents the LULCC caused by natural background change. The deviation of      LC ’     t 3      from     LC    t 3      (i.e., DC) represents the LULCC caused by supplementary policies (Figure 4a).



By comparing the quantity of changing areas for each land use and land cover type of the t2–t3 period under the two scenarios, the contributions of natural background and supplementary policy to different types of land use and land cover were extracted. For example, the quantity of each type increased in the no-policy scenario (Figure 4a,b), which means the potential effect of the natural background on that type is positive. In this context, if the quantity of this type under the policy scenario is more than the quantity under the no-policy scenario at time t3, this means that the contribution of the supplementary policy to that type is consistent with that of the natural background, and is a positive contribution (Figure 4a). While, if the quantity of this type under the policy scenario is less than the quantity under the no-policy scenario at time t3, this means that the negative contribution of the supplementary policy is more than the positive contribution of the natural background. The negative contribution of the policy after offsetting the natural positive effect, still causes the quantity of this type in the policy scenario to be lower than that in the no-policy scenario (Figure 4b). The natural background has a negative effect on the type of land use and land cover shown in Figure 4c,d. Using the absolute value of change quantity of each type as the total contribution, the percentage of the relative contribution of nature and policy to each type was calculated.




3.2.3. Implementation of the RCCM


The GFGP was one of the most important ecological restoration policies and was implemented widely in the Loess Plateau after 2000 [39,40,58]. The RCCM was used in the Loess Plateau to separate the role of the GFGP in LULCC from that of the normal background change. Normal background change refers to the factors that make land use and land cover itself change without the GFGP. The LULCC before 2000 was dominated by the natural background change because the human activities involved in policies had less impact on LULCC at that time [58]. The LULCC after 2000 was jointly affected by normal background change and the GFGP [39]. Thus, we selected the year 2000 as the turning point. It is assumed that historical LULCC trends are maintained according to the Markov chain model. The LULCC in the period of 2010–2020 under the no-policy scenario can be estimated according to the initial transition probability matrix for the period of 1990–2000. The LULCC in the period of 2010–2020 under the policy scenario can be estimated according to the initial transition probability matrix for the period of 2000–2010. By comparing the changing areas of each land use and land cover type in the period of 2010–2020 under the two scenarios, the relative contributions of normal background change and the GFGP to different types of land use and land cover were extracted.





3.3. LULCC Pattern Simulation Based on the FLUS Model


3.3.1. Description of the FLUS Model


The FLUS model is an integrated model that can be used to simulate multi-type future land use scenarios by coupling human activities and natural effects [33,34,35]. It has been successfully applied in regional and global LULCC studies [29,33,34,35,36,59]. The model first uses the artificial neural network (ANN) algorithm to obtain the suitability probability of various types of land use and land cover, and then uses the coupling Markov chain and cell automatic (CA) model to improve the suitability of the model.



The total probability of land use and land cover type on each pixel depends on the suitability probability of the ANN, the neighborhood effect, the self-adaptive inertia coefficient, the conversion cost, and the competition among the different types. Use Equation (4) to estimate the total probability that each pixel will be occupied by a specific land use and land cover type. The suitability probability (sp) represents the probability-of-occurrence for the k land use and land cover type on a pixel. Considering the neighborhood effect (Ω) in the CA model, the neighborhood effect value of type k on a pixel at iteration time is calculated. We selected the neighborhood size of 5 × 5. The neighborhood weight value for each type is determined based on the expert knowledge and a series of model tests, which was obtained from the study of Liu et al. [33]. The self-adaptive inertia coefficient (inertia) for each type of LULCC is defined to automatically adjust the current type inheritance on each pixel based on the difference between the current allocation of each type and the final demand. The conversion cost is a brief summary of the difficulty for a pixel converting from one land use and land cover type to another, and the conversion cost value of each land use and land cover type pair was referenced by the study of Liu et al. [33]. The self-adaptive inertia coefficient and the mechanism of competition among the different types were introduced in the CA model to deal with the complexity and uncertainty in the LULCC under the influence of the natural effects and human activities [33].


  T  P  p , k  t  = s  p  p , k   ×  Ω  p , k  t  × I n e r t i  a k t  ×  (  1 − s  c  c → k    )   



(4)




where   T  P  p , k  t    is the total probability of p pixel to covert from the original type to the target type k at iteration time t;     s p   p , k     is the suitability probability of type k occurring on p pixel.    Ω  p , k  t    is the neighborhood effect of type k on p pixel at iteration time t;   I n e r t i  a k t    is the self-adaptive inertia coefficient of type k at iteration time t; and   s  c  c → k     is the conversion cost from the original land type c to the target type k.



Before simulating the pattern of land use and land cover, it is necessary to project the demands for each land use and land cover type as inputs of the FLUS model [33]. Thus, the Markov chain model was applied to estimate the amount of each type. Then, considering the influence of human activities and natural ecological factors on LULCC, 14 biophysical and socioeconomic variables, including climate factors, topographic factors, soil characteristic factors, and locational factors, were selected as the driving factors of land use and land cover simulation to estimate the suitability probability of each type in each pixel [32,60]. The total probability of land use and land cover type were calculated by combining the suitability probability, the neighborhood effect, the self-adaptive inertia coefficient, the conversion cost, and the competition among the different types. All of the above processes can be run using GeoSOS-FLUS software (http://www.geosimulation.cn/FLUS.html).




3.3.2. Validation of the FLUS Model


To verify whether the FLUS model can accurately reflect the spatial distribution of land use and land cover types under the influence of the natural environment and the GFGP, we designed two verification experiments in the Loess Plateau. The first experiment was to verify the validity of the FLUS model simulating the LULCC under the no-policy scenario. Based on the land use and land cover data of 1990 and the actual amount of each type of demand for 2000, the spatial distribution of land use and land cover in 2000 was simulated using the FLUS model. Compared with the actual land use and land cover status in 2000, the feasibility of the FLUS model simulating the land use and land cover status under a no-policy scenario was evaluated. The second experiment was to verify the validity of the FLUS model simulation of the LULCC under the policy scenario. Based on the land use and land cover data of 2005 and the actual amount of each type of demand for 2010, the spatial distribution of land use and land cover in 2010 was simulated, and compared with the actual status in 2010 to evaluate the feasibility of the FLUS model under the policy scenario was evaluated.



Under the two scenarios, the kappa coefficient and overall accuracy were both calculated for verification. Under the no-policy scenario, the RMSE of the suitability probability of land use and land cover in 1990 obtained from ANN was 0.24. The kappa coefficient of the actual and simulated status in 2000 was 0.93, and the overall accuracy was 95.14%. Under the policy scenario, the RMSE of the suitability probability of land use and land cover in 2000 obtained from ANN was 0.22. The kappa coefficient of the actual and simulated status in 2010 was 0.96, and the overall accuracy was 97.13%. Additionally, we randomly selected 1000 points for verification of the results in 2000 and 2010 within the Loess Plateau. The comparison reported 952 consistent points in 2000 and 969 consistent points in 2010. Therefore, the simulation results are consistent with the actual situation, and the FLUS model is effective for simulating LULCC in both no-policy and policy scenarios.






4. Results


4.1. The Temporal and Spatial Variation Trend of LULCC Since 1990


Considering that the GFGP was widely implemented since 2000 in the Loess Plateau and had an important impact on the land cover [39], we discussed LULCC in the Loess Plateau in the period of 1990–2000 and 2000–2010.



The LULCC processes and patterns are presented with the transition matrix (Table 1 and Table 2). The spatial characteristics of LULCC are presented in Figure 5. From 1990 to 2000, the total area of LULCC was 13,330 km2 in the Loess Plateau. There were three main LULCC processes: decreased grassland, cropland expansion, and grassland expansion. Grassland degradation and expansion coexisted during 1990–2000 because the grassland was widely distributed in the Loess Plateau and was mixed with other types. A total of 3777 km2 of cropland was converted from grassland and further caused the expansion of cropland accompanied by the decrease in grassland. In addition, grassland expansion occurred because of the land transformations from unused land; grassland expansion most obviously occurred in the northern part of Shaanxi province.



From 2000 to 2010, the total area of LULCC was 14,112 km2 in the Loess Plateau. There were four main LULCC processes: decreased cropland, decreased grassland, grassland expansion, and forest expansion. Cropland was reduced by 6415 km2, and it was mainly converted into grassland (2617 km2), woodland (1640 km2), and built-up land (1339 km2), which corresponded to the GFGP and the progress of urbanization. The conversion of cropland into built-up land was mainly distributed around cities. Compared with the period from 1990 to 2000, the amount and area of built-up sprawl both increased. Grassland degradation and grassland expansion continued to coexist in this period. Grassland degradation was accompanied by afforestation and reforestation, which were concentrated in the eastern part of Gansu and in the border areas of Shaanxi and Inner Mongolia. These areas were barren hills and wastelands, with an average elevation of approximately 1700 m, and they were covered with sparse grassland before 2000. The GFGP was implemented and forest planting was encouraged by the government starting 2000; these efforts transformed some grassland to woodland and expanded the area of woodland. In this period, 2617 km2 of cropland was changed into grassland. At the same time, 1640 km2 of woodland was transformed from cropland, and 1563 km2 was transformed from grassland.



Comparing the temporal and spatial characters of LULCC in the periods of 1990 to 2000 and 2000 to 2010, the original LULCC trend changed with the implementation of GFGP. The results showed that cropland originally increased in the previous decade (1990–2000), and cropland expansion transformed into cropland contraction after some ecological management practices. The shrinkage in woodland was transformed into increased woodland, and built-up land sprawled more rapidly than before, which was related to the acceleration of urbanization and the GFGP in the decade after 2000.




4.2. The Contribution of Nature and Policy to LULCC


To quantitatively assess the impact of the GFGP implemented since 2000 on the status of land use and land cover in 2020, we used the RCCM to calculate the relative contribution of nature and the GFGP to them. The theoretical status of the land cover of 2020 under the no-policy and policy scenarios was based on the land cover data in 1990 and 2000 and the land cover data in 2000 and 2010, respectively. By 2020, the potential covers of various land use and land cover types under the no-policy and policy scenarios are shown in Table 3. Under the no-policy scenario, the potential coverage of grassland cropland and woodland in 2020 was 264,438 km2, 219,859 km2, and 95,045 km2, respectively. With the effect of the GFGP, the potential coverage of grassland cropland and woodland in 2020 was 267,028 km2, 206,767 km2, and 100,868 km2. Compared with normal background conditions, grassland increased by 2590 km2. Cropland shrank by 13,092 km2, woodland expanded by 5823 km2. In summary, there were differences in the status of land use and land cover under the two scenarios in 2020. The most prominent changes included the visible reduction of cropland, the expansion of woodland and grassland, and the sprawl of built-up land.



The RCCM was used to demonstrate the contribution of the normal background change and the GFGP to each type of land use and land cover (Figure 6). We calculated the percentage of the relative contribution of nature (normal background change) and policy (GFGP) to each type by the sum of the absolute values of the amount of changes of each type as the total contribution. The GFGP had a negative impact on cropland, reversing the expansion of cropland under natural conditions. The implementation of GFGP shrank the area of the originally expanded cropland, contributing about 81.02% with a negative role. The positive contribution of nature to cropland was approximately 18.98% (Figure 6a). The GFGP had a positive effect on woodland, which was far greater than the contribution from nature. The GFGP contributed approximately 94.63% to the change of woodland area with positive effect, and the nature contributed approximately 5.37% with negative effect (Figure 6b). Although the policy cannot completely reverse the degradation of grassland, its positive effect on grassland alleviated the seriousness of the situation. About 61.25% of the changes in grassland area were from the contribution of nature, which played a negative role. About 38.75% were from the policy contribution, which played a positive role (Figure 6c). Overall, the GFGP contributed about 72.37% to LULCC, and normal background changes contributed about 27.63% to LULCC.




4.3. The Difference in LULCC from 2000 to 2020 in Two Scenarios


Considering the interaction of various types of land use and land cover, we compared the net gains and losses of various types from 2000 to 2020 under the two scenarios, so as to better understand the causes for the various area changes and further explore the role of the GFGP in LULCC. Prior to this, two verification experiments were designed to verify whether the FLUS model can accurately reflect the spatial distribution of land use and land cover types before and after the implementation of GFGP. The results showed the FLUS model was effective for simulating LULCC in both no-policy and policy scenarios. The theoretical contributions of every type received from other types under the two scenarios are displayed in Figure 7. Under the no-policy scenario, cropland experienced an expansion trend during 2000–2020 because of the positive contribution of woodland, grassland, water body, and unused land, with grassland contributing the most (Figure 7a). In addition, built-up land had a negative effect on cropland. However, under the policy scenario, the area of cropland was decreased because of the negative contribution of every other type. Cropland was most often converted to woodland, followed by built-up land and grassland, with a total negative contribution of over 93.4% (Figure 7b).



Woodland under the no-policy scenario had a decreasing trend, and woodland became occupied by other land use and land cover types, especially cropland and grassland (Figure 7a). There was a dramatic increase in the area of woodland under the policy scenario (Figure 7b), with cropland and grassland contributing 59.4 and 41.8%, respectively, which indicated that ecological management practices such as afforestation, reforestation, and returning cropland to forest positively affected woodland expansion. In addition, urbanization was not conducive to the expansion of woodland, with the negative contribution of built-up land to woodland.



There was a decreasing trend in the area of grassland under the no-policy scenario, but the GFGP intervened in the otherwise heavily degraded grasslands. The decrease in grassland in the no-policy scenario was attributed to the occupation of grassland by cropland and built-up land (Figure 7a). The policy effect reversed the negative contribution of cropland to grassland, with a large amount of cropland transforming into grassland, but other land use and land cover types still had negative effects on grassland (Figure 7b). A large area of grassland transformed into woodland, and this conversion was related to government incentives for afforestation and other ecological management practices since 2000.



Comparing the contributions of each land use and land cover type from other types under the two scenarios, we found that cropland is critical as a rebalanced leverage for regulating all kinds of land use and land cover types. By controlling the amount of cropland, the GFGP regulates the pattern of land use and further promotes the sustainable development of human-terrestrial relations.





5. Discussion


In this study, a RCCM was used to separate the relative contribution of supplementary ecological restoration policy to LULCC from the normal background LULCC and was applied in the Loess Plateau. Considering that the impact of the normal background change on LULCC is perpetual and underlying, the RCCM suggests that the LULCC after policy implementation is affected by the normal background changes and the supplementary policy. One of the keys to applying the RCCM is to determine when to implement ecological restoration policies. The GFGP is the dominant policy of regional ecological restoration, which was implemented widely in the Loess Plateau around 2000 [22]. Thus, the year 2000 was selected as a turning point to explore the impact of the GFGP on LULCC. In addition, validation experiments on land use and land cover simulations under the policy and no-policy scenarios showed that the FLUS model with Markov model performs well in simulating LULCC in both scenarios and can be used to assess the policy’s contribution to LULCC. The RCCM is not subject to regional and policy constraints, and is also suitable for other policies such as urbanization in other regions.



Comparing the differences of LULCC in the Loess Plateau between the period of 1990–2000 and the period of 2000–2010, it can be seen that the trajectories of LULCC were different in these two periods. Grassland was the main land cover type, distributed in the Loess Plateau, followed by cropland and woodland. Our statistical results indicated that these three types accounted for more than 85% of the total area, which was consistent with other studies [7,61]. In addition, the trajectory of LULCC in the decade before and after 2000 was different. Cropland area expanded broadly before 2000 and decreased apparently after 2000, and the GFGP was considered one of the dominant reasons for the reduction in cropland [15,61]. Additionally, a large amount of capital, experts, and technologies has been attracted to the central and western regions driven by national development strategies since 2000 [15]. Consequently, urban areas in the central and western regions expanded more rapidly than they did before 2000, which was consistent with our findings.



The results implied that the ecological restoration policy in China has had a great impact on LULCC. During the past three decades, besides the GFGP, other five national key ecological restoration projects have been launched across China to protect the environment and restore the degraded ecosystems [22,62], including the Three North Shelterbelt System Construction, Yangtze River and Zhujiang River Shelter Forest Projects, Natural Forest Protection Program, Beijing–Tianjin Sand Source Control Project, and Returning Grazing Land to Grassland Project, which have a considerable impact on surface cover [63], especially for cropland, woodland, and grassland. Forest cover increased significantly to approximately 1.6% of China’s territory between 2000 and 2010 because of the effectiveness of the Natural Forest Protection Program [12]. Most of the increased forest areas were concentrated in the project zones, which was mainly due to a series of management practices within the framework of these ecological restoration projects, such as afforestation, reforestation, forest enclosure and tending, transforming cropland to forests, and reducing the timber harvest [62,64]. Additionally, forest cover increased more on steep slopes than in flat terrain, reflecting the intention to mitigate soil erosion in mountainous environments [64,65].



Apart from the forests, the function of grassland ecosystems was improved under the implementation of large-scale restoration projects, such as the GFGP and Returning Grazing Land to Grassland Project [63,66,67]. Since the implementation of these projects, grazing exclusion [68] and fencing in grasslands [69] were the effective ways to rehabilitate vegetation and sequestrate carbon in degraded grasslands. The area of Inner Mongolia grassland had a net increase of 77,993 km2 during 2001–2009 [70]. Compared with the period of 2000 to 2007, the mean normalized difference vegetation index (NDVI) increased by 14.16% in the period from 2009 to 2016 in grassland of the Loess Plateau [37]. Through a meta-analysis, the amount of carbon stored in aboveground biomass increased by 84.7% under grazing exclusion measures [68]. These vegetation restoration projects based on forest and grass were also one of the main reasons for the decline in cropland [15,30,61]. On average, the occupancy of cropland for restoration projects accounted for 34.54% of the cropland decrease since 2000 [15]. Given that the precipitation was limited and its large inter-annual variability was not conducive to cereal cropping in arid and semi-arid regions, farmers were more willing to shift from vulnerable grain cultivation to more resilient grazing [64].



Although the relative contributions of normal background and the GFGP to LULCC were quantitatively evaluated, there are still some limitations in this study. The authenticity of the original data is the key to establishing the model. The spatial resolution of the original land use and land cover datasets is 1 km, implying that there may be various types mixed in a single pixel [15]. LULCC is affected by both natural environment and human activities. The method of this study combining the FLUS model with the Markov chain can effectively assess the effect of normal background and the GFGP on LULCC to a certain extent. However, the assumption that the GFGP was the only dominated policy after 2000 was insufficient. Some intermediate variables generated by the GFGP, such as runoff changes, may affect LULCC near rivers, which were not considered in this study. Besides that, the assumption of the RCCM was simplified, which may introduce some uncertainties. Despite these limitations, it is meaningful to use effective methods to separate the effect of human activities from normal background changes. If we know some new policies that will be implemented in the future and consider them in the model, the result of the predictions will be more accurate, which is important for assessing the effectiveness of policy implementation.




6. Conclusions


The purpose of this study is to quantitatively assess the relative contribution of the GFGP to LULCC in the Loess Plateau under the normal background change. Thus, a RCCM was used to separate policy effect from potential nature, and the status of LULCC under no-policy and policy scenarios was simulated by the FLUS model and Markov chain. Our results demonstrated that the original trend of LULCC was changed with the implementation of GFGP since 2000. Cropland expansion transformed into cropland shrinkage, woodland shrinkage turned to woodland expansion. From the result of quantitatively assessing and attributing LULCC in the Loess Plateau, the GFGP since 2000 reversed the expansion of cropland under natural conditions, and its negative contribution to cropland change was accounting to approximately 81.02%. The GFGP contributed approximately 94.63% to the change of woodland area with positive effect, while the normal background contributed approximately 5.37% with a negative effect. As for the contribution of grassland change, about 61.25% of contributions were from nature with a negative role, and about 38.75% of contributions came from the GFGP with a positive role. Overall, the GFGP contributed about 72.37% to LULCC and normal background changes contributed about 27.63% to LULCC.



Comparing the contributions of each type of land use and land cover from other types under the two scenarios, we found that cropland is critical as a leverage for the regulation of all kinds of land use and land cover types. Our findings implied that ecological restoration policies had a great impact on various types of land use and land cover, especially for cropland. Ecological restoration policies regulate the land use pattern by controlling the amount of cropland and promote regional sustainable development. The study results provide useful information for facilitating sustainable ecological development in the Loess Plateau and theoretically supporting environmental decision-making.
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Figure 1. Geographic location of the study area. 
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Figure 2. The spatial distribution of land use and land cover in the Loess Plateau in (a) 1990, (b) 2000, and (c) 2010. 
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Figure 3. Flowchart of the research methods. LULCC refers to land use and land cover change. RCCM is the relative contribution conceptual model. No-policy scenario: a scenario where the LULCC is less affected by the policy intervention (GFGP). Policy scenario: a scenario where the LULCC is affected by the normal background change and the policy (GFGP). 
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Figure 4. The conceptual diagram used to separate the policy effect on LULCC from the effect of normal background. (a) The positive effects of nature and the policy on LULCC. (b) The positive effect of nature, while the negative effects of the policy. (c) The positive effect of the policy, while the negative effects of nature. (d) The negative effects of nature and the policy.     LC  t    is the quantity of each land use and land cover type at time  t  under the no-policy scenario,      LC ’     t 3      is the quantity of each land use and land cover type at time    t 3    under the policy scenario. No-policy scenario: a scenario where the LULCC is less affected by the policy. Policy scenario: a scenario where the LULCC is affected by the nature and the policy. 






Figure 4. The conceptual diagram used to separate the policy effect on LULCC from the effect of normal background. (a) The positive effects of nature and the policy on LULCC. (b) The positive effect of nature, while the negative effects of the policy. (c) The positive effect of the policy, while the negative effects of nature. (d) The negative effects of nature and the policy.     LC  t    is the quantity of each land use and land cover type at time  t  under the no-policy scenario,      LC ’     t 3      is the quantity of each land use and land cover type at time    t 3    under the policy scenario. No-policy scenario: a scenario where the LULCC is less affected by the policy. Policy scenario: a scenario where the LULCC is affected by the nature and the policy.
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Figure 5. The spatial distribution of LULCC in two periods: (a) from 1990 to 2000, (b) from 2000 to 2010. 
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Figure 6. Trends of each type of land use and land cover under the no-policy and policy scenarios from 1990 to 2020, and the percentage of the relative contribution of nature and policy to the quantitative changes of each type. (a–f) Represent changes in the area of cropland, woodland, grassland, built-up land, water body, and unused land, respectively. 
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Figure 7. The contribution of every type theoretically received from other types from 2000 to 2020. (a) No-policy scenario, (b) policy scenario. Red indicates a positive contribution from other types, and blue indicates a negative contribution from other types. The upward red arrow indicates the increased trends of this type, and the downward blue arrow indicates the decreased trends of this type from 2000 to 2020. 
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Table 1. Transition matrix of LULCC in the Loess Plateau between 1990 and 2000 (Unit: km2).
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	Cropland
	Woodland
	Grassland
	Water Body
	Built-Up Land
	Unused Land
	Losses





	Cropland
	211,003
	225
	1159
	183
	865
	314
	2746



	Woodland
	220
	94,427
	816
	17
	34
	52
	1139



	Grassland
	3777
	602
	264,463
	220
	145
	1403
	6147



	Water body
	419
	17
	125
	8686
	8
	81
	650



	Built-up land
	2
	2
	1
	0
	14,807
	0
	5



	Unused land
	434
	122
	1968
	100
	19
	41,564
	2643



	Gains
	4852
	968
	4069
	520
	1071
	1850
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Table 2. Transition matrix of LULCC in the Loess Plateau between 2000 and 2010 (Unit: km2).
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	Cropland
	Woodland
	Grassland
	Water Body
	Built-up Land
	Unused Land
	Losses





	Cropland
	209,440
	1640
	2617
	479
	1339
	340
	6415



	Woodland
	97
	94,810
	280
	36
	130
	42
	585



	Grassland
	1159
	1563
	263,754
	235
	371
	1450
	4778



	Water body
	313
	31
	164
	8414
	33
	251
	792



	Built-up land
	17
	14
	40
	11
	15,789
	7
	89



	Unused land
	212
	100
	932
	138
	71
	41,961
	1453



	Gains
	1798
	3348
	4033
	899
	1944
	2090
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Table 3. The areas of each type of land cover in 2020 under two scenarios (Unit: km2).
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	Cropland
	Woodland
	Grassland
	Water Body
	Built-up Land
	Unused Land





	Policy scenario
	206,767
	100,868
	267,028
	9404
	19,553
	44,660



	No-policy scenario
	219,859
	95,045
	264,438
	8968
	18,029
	41,941











© 2020 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 (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
(a) 1990 ~ (b) 2000

/\/ Loess Plateau boundary
./ Provincial boundary

|:| Cropland - Water body
- Woodland - Built-up land
|:| Grassland - Unused land

0 250 500
BN Kilometers






nav.xhtml


  remotesensing-12-00353


  
    		
      remotesensing-12-00353
    


  




  





media/file2.png
i
|

105° E 135°
|

45° N

30° N 8

15° N4

/\/ Loess Plateau
/. Provincial boundary

104°0'0"E

108°0'0"E 1I12°60°E

Elevation
— 4987 m

0 80 160

o Kilometers
|

(W.

ale

TnneyMongolia s
/ de 3 »
v
1(' ! ¢
R .
|

36°0'0"N 38°0'0"N 40°0'0"N

34°0'0"N





media/file5.jpg
Transition matrix
analyzing

Land use and land cover
data n 1990, 2000, 2010

The demand of ach land

use and land cover type
R

Potic scenari] No-policysoenario|

==

model |7 simulation

The relative contribution of
policy and mature to LULCC

on the
trajectory of LULCC






media/file3.jpg
(©)2010

A i tisg
. Provincial boundary A

[ croptand. I Water body
M Woodian uilt-up land.
B Grossland [0 Unused land.

[ 250 00
—Kilometers





media/file1.jpg
104°00°E 108°00°E 112°00°E

e lovE b A
o
Elevation

0 N- 5
15°N i
e

inhai’
/\/ Loess Plateau

o 50 160
"/ Provincial boundary \ | S Kifometers z






media/file7.jpg
— No-policyscenario m LULCC caused by nature | positive contribution
— Policy scenario ® LULCC caused by policy T negative contribution





media/file10.png
(a) 1990-2000
N

(b) 20002010 G
o

CAE | MREEEEG

[ | cropland expansion
T cropland-grassland
[ ] cropland-woodland
[ ] cropland degradation
- afforestation

- woodland-cropland
| woodland-grassland
- deforestation

1] grassland expansion
[ ] grassland-cropland

[ | grassland-woodland
[ | grassland shrinkage
B vater body expansion
[ | water body shrinkage
B build-up land sprawl
[ | unchanged areas

/\/ Loess Plateau boundary
./ Provincial boundary

0 250 500
Kilometers






media/file12.png
@

222000

218000

214000

210000

206000

@

4
20000

19000

18000

17000

16000

15000

14000

Areas  —e— No-
(k) —— Policy scenario

Cl:op]and

1990 2000

Areas
(km?)

Built-up land

1990 2000

Cd
2020 Year

Contribution (%)
positive |- 100
~ 60

= 20

- -20

- -60

negative | 1gp
Contribution (%)
positive |- 100
- 60

- 20

- -20

— -60
negative | 1gq

(®

102000

100000

98000

96000

94000
Q)
9450
9350
9250
9150
9050

8950

m LULCC caused by nature
® LULCC caused by policy

2020 Y;m,

- Water body

i ~
rd
2020 Year

Contribution (%)
positive - 100
— 60

- 20

—-20

- -60

negative L 100
Contribution (%)
positive - 100
- 60

— 20

—-20

— -60
- 100

N Areas
- (km?)

T negative contribution

1990

T Areas

(km?)

[ Unusedland

Contribution (%)
positive |- 100

~ 60

- 20

- -20

— -60
. negative L 100

Year

Contribution (%)
positive |- 100

- 60

- 20

—-20

~ -60
negative | _j0p

h Y

1990

Y,ear





media/file9.jpg
(a) 1990-2000

ropland expansion
I cropland-grassland
[E cropland-woodland
[ cropland degradation
I afforestation

I woodland-cropland
woodland-grassland
I ceforestation

I orassland expansion
[ grassland-cropland
I crassland-woodland
(b) 20002010 > 4, [ grassland shrinkage
I water body expansion
[ water body shrinkage
N build-up land sprawl
[ unchanged areas

/\/ Loess Plateau boundary
. Provincial boundary

0 250 500
Kilometers






media/file0.png





media/file14.png
d S o0&

> A\ AT &
C,@Q\ @0"&»\ e q&‘b‘e“ gv\\\ o Areas
Y N - (km?)
O . O 3254
Woodlan% . ® .
Grasslan% G*rasslanh L O .
0 0

Water both [ . ° . . Water bov . ° ° o
Built-up 1an¢ . . ° . o Built-up lan(y‘
Unused lan% . e} . - o) Unused lany ° . o o

-4708 -3254

Croplany

(a) No-policy scenario (b) Policy scenario





media/file8.png
(b) A Quantity

Time
(€) 2 Quantity () 2 Quantity
Fo
LCt,
LC,
LCt,

— No-policy scenario  m LULCC caused by nature | positive contribution
— Policy scenario ® LULCC caused by policy | negative contribution





media/file11.jpg
firSmrieag

g b H Qs

=1






media/file6.png
| Transition matrix _/ LULCC in the Loess

| 2\ i analyzing | Plateau since 1990
| Land use and land cover F— — — — — — — = — = — — — — — — — — — — — — — —
| data in 1990, 2000, 2010 | :-(2) RCCM No-policy
I nr , Markov | | LULCC quantity scenatio
F—_——————— == — 5 chain estimation Jcomparison
| @) The influence of the policy |+ _ _ _ _ _ _ _ _ _ _ _ - | Poli

L s S = - = d
| . scenario
| Climate data The demand of each land ;

I

I
use and land cover type | The relative contribution of
' ' ' | policy and nature to LULCC

Policy scenario|[No-policy scenario| « — — — — — — — — — — — — —

=] . - - - - - - — =

( -
[H Soil characteristic ﬂ]—
[[[ DEM ]—
( |

l No-policy
. . ) scenario .
Geographic ancillary data | | FLUS | LULCC pattern Tcomparison Effects of policy on the
model simulation Policy trajectory of LULCC

scenario





