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Abstract

:

As a form of land marginalization, abandoned cropland has an important impact on food security and the effective supply of agricultural products. With rapid urbanization across the world, large areas of cropland are abandoned in some regions, especially in mountainous and hilly areas with poor terrain. Due to the fine fragmentation and scattered distribution of abandoned cropland, and considering differences in the abandoned and fallow time of cropland, it is difficult to extract information using remote sensing technology. Therefore, this paper proposes a change in the detection method for extracting abandoned cropland information based on identifying the annual land use trajectory. Based on Landsat satellite data, annual land use was mapped from 2011 to 2020 in Gaolan County, which is located in the hilly and gully region of the Loess Plateau of China, using the random forest classification method. Subsequently, abandoned cropland information in Gaolan County was extracted, based on the land use change trajectory and analysis of the influencing factors of abandoned land. The results showed that: (1) The overall accuracy of land use interpretation in Gaolan County ranged from 86.44% to 95.45%, from 2011 to 2020, with a kappa coefficient of up to 0.93, and the classification results were ideal. (2) The recall of extracted abandoned cropland was 81%, the extraction accuracy of which was relatively high. (3) From 2013 to 2020, the cropland abandonment rate in Gaolan County ranged from 8.41% to 19.65%, with an average of 14.55%, which increased and then decreased. The abandonment rate was highest in 2015 but it then decreased year by year. The average period of abandoned cropland was 4.2 years. (4) The influence factors of the plot scale explain the difference in the spatial distribution of cultivated land abandonment. The higher the slope condition, the lower the soil nutrient content and the greater the possibility of abandonment.
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1. Introduction


Since the second half of the 20th century, cropland abandonment has occurred widely all over the world [1,2,3,4]. National governments and the European Union (EU) have introduced relevant policies to slow the growth trend of abandoned cropland, such as the EU’s Common Agricultural Policy (CAP) [1] and Japan’s direct subsidy policy regarding mountainous and semi-mountainous regions [3]. Among them, the structural policy in the CAP reduces the scale of cropland abandonment by giving financial subsidies to marginal agricultural areas with unfavorable cropland conditions. Abandoned cropland has become an important area of study regarding land use and land cover change [5]. Cropland abandonment has significant effects on food security, biological and landscape diversity, and soil [6,7,8]; the effects are dynamic throughout abandonment. In this context, effective identification of abandonment has practical significance for researching the driving force of abandonment and policymaking. Cropland abandonment is a complex process of land use change. The spatial distribution of abandoned cropland is comprehensively affected by various factors such as location characteristics, labor status, social and economic factors, natural conditions and agricultural policy [9]. It has been shown that cropland abandonment is particularly common in semi-arid areas, such as Southern Europe [9], and mountainous areas (in Europe [1], Latin America [10] and western Ukraine [11]). In China, the phenomenon of cropland abandonment is relatively common due to factors such as complex terrain, diverse climate types and vast mountainous areas [3,12]. China is a major grain producer and exporter, but its per capita cropland share is small and cropland protection is very important to the country. The phenomenon of abandoned cropland has aroused the attention of the Chinese government [13,14].



At present, remote sensing technology is a more efficient method for obtaining spatiotemporal information regarding abandoned cropland on a large scale. Compared with traditional methods, such as farmer surveys, remote sensing technology can better reflect the spatiotemporal distribution of abandoned cropland [15,16,17,18]. Abandoned cropland in China is mostly distributed in mountainous and hilly areas and is affected by terrain and climate. Such areas are scattered and fragmented. For the moment, the acquisition of abandoned cropland information continues to depend on farmer surveys [19,20], with remote sensing extraction limited by the low quality and spatial resolution of the data. Therefore, it is necessary to study effective remote sensing methods, to extract abandoned land in mountainous areas.



Cultivated land abandonment is a land use process. Abandoned land can be regarded as a special land use type or land cover change process. Therefore, there are two ways to extract abandoned land. One is to treat abandoned land as a special land cover type and directly map fallow areas where grassland and woodland grow. For example, Alcantara et al. [21] mapped abandoned agricultural land in Eastern Europe from 2003 to 2008, using MODIS NDVI time series data and support vector machine classification, and calculated phenology metrics from the time series data. Estel et al. [15] used a MODIS NDVI time series to extract abandonment information from the European region, from 2001 to 2012. The second type is land use change detection. The basic principle is to use remote sensing data from different periods to map abandoned land by analyzing the transformation of cultivated land, originally used for agricultural purposes, to grassland, woodland or shrubland. This usually requires obtaining long-term image data [11]. For example, Shi et al. [22] used the overlapped cropland layers in 2002 and 2011 to remove the extent of grain for green project, thereby obtaining the overall distribution of abandonment in Chongqing over 10 years. Due to the difference in the time of abandonment of cultivated land and fallow, by only analyzing the changes of cultivated land in two different years, it is impossible to continuously detect the changes of abandoned land. Using MODIS NDVI and phenological metrics, Han and Song [23] obtained the land use trajectories from 2001 to 2015 in Guangxi and used them (with local crop rotation cycles) to map abandoned cropland. These methods can obtain the spatial distribution and duration of abandoned cropland with a relatively high degree of accuracy. However, when abandoned cropland is scattered and fragmented, it is difficult to extract abandoned cropland accurately using medium resolution images. Landsat time series data has a high spatial resolution (30 m), which has a great advantage in identifying finely fragmented abandoned land in mountainous areas. For example, Song [24] mapped the trajectory of land use change based on Landsat and HJ-1 satellite images, and mapped different types of cropland abandoned in the town of Zhongduo, Chongqing from 2012 to 2017. However, due to the remote sensing image acquisition time and cloud influence, the acquisition of long time series data was limited. Big data cloud computing platforms, such as Google Earth Engine (GEE) [25,26] can effectively process medium and high-resolution satellite data and improve the efficiency of obtaining long time series data.



Currently, the use of remote sensing technology to extract abandoned land has made more in-depth progress. From the point of view of data sources, MODIS data is usually used to draw abandoned land in a large area. However, in hilly and mountainous areas, terrain is fragmented and remote sensing image pixels have serious inaccuracies. Coarse resolution data may affect the accuracy of drawing abandoned land. The resolution of Landsat images is better, but the return period is 16 days and cloud coverage limits the acquisition of long-term series data. This paper solves this problem based on the processing of the data obtained on the GEE platform. From the perspective of extraction methods, the research task of this paper is to propose a land use trajectory change detection method to map abandoned land. In summary, our research provides the possibility of using medium-resolution data to map small or highly fragmented plots to map abandoned land. In fact, large areas are also applicable, improving the efficiency of extracting abandoned land during a long research period.




2. Study Area and Data Sources


2.1. Overview of the Study Area


Gaolan County, which is a part of Lanzhou City, Gansu Province, China, is a hilly and gully area of the Loess Plateau, located at 103°32′–104°14′ east longitude and 36°05′–36°50′ north latitude, with a total area of 2556 square kilometers (Figure 1). The county has jurisdiction of seven townships and one town, with relatively rich land resources. The terrain is high in the northwest and low in the southeast, with an average elevation of 1600 m and ranging from 1441 to 2445 m overall. It has a temperate, semi-arid climate, with an annual temperature of 7.2 °C and annual precipitation of 266 mm. Crops ripen once a year [27].



In the past ten years, the society and the economy of Gaolan County have developed rapidly, its gross domestic product (GDP) increasing from 2597 billion yuan in 2010 to 7577 billion yuan in 2019 [28]. In this period, the industrial structure was constantly optimized, and the industrial structure of ‘Tertiary-Secondary-Primary’ was formed (Figure 2A), while the rural population decreased from 150,800 to 78,500 (Figure 2B).




2.2. Data Sources and Preprocessing


	(1)

	
Landsat Images. The main data source used in this study were Landsat images, which were all downloaded from the GEE platform [29]. The satellite images included Landsat TM (2011), Landsat ETM+ (2012), and Landsat OLI (2013–2020), in which the Landsat ETM+ images were repaired. We use GEE’s Filter series of functions to filter the images. The standard for image filtering is from January to December of each year, and the cloud cover is less than 10%. After cloud removal, mosaic, and clipping, the usable remote sensing images are generated. The specific data sources are shown in Table 1.




	(2)

	
Other Data. The 30 m resolution land classification product from the Resource and the Environment Science and Data Center was used to obtain land use data [30] (2010). Digital Elevation Model (DEM) data with 30 m resolution of geospatial data cloud platform [31] were used as auxiliary classification data. Google historical image data (2011–2020) from 91 Weitu Assistant were used [32], with a resolution of 0.52 m.







The soil type data was obtained from the Food and Agriculture Organization of the United Nations [33] and the soil fertility data (1 km grid soil content map) was obtained from the Soil SubCenter, National Earth System Science Data Center, National Science & Technology Infrastructure of China [34].





3. Methods


3.1. Identification Process of Abandoned Cropland


Cropland abandonment may be a complex and gradual process, so it is difficult to define abandonment. According to specific circumstances, scholars in different countries and regions have different definitions of abandonment. If the cultivated land has not been produced by agriculture for at least 2 to 4 years, it is usually considered to be abandoned land. However, there are areas with fallow periods of up to 5 years or longer, such as marginal areas or those affected by the CAP [15,35]. In China, the 2011 International Symposium on Land Consolidation and Land Reserve defined abandoned land as “farmland that has not been cultivated for 2 or more years”. Some scholars have carried out research on this definition [23,24,36]. Based on the basic national conditions of China as a large agricultural country, combined with the actual situation of the study area, we define abandoned land as cultivated land that has not been used by agriculture for at least 3 years and is completely abandoned. Our research did not consider seasonal or perennial abandonment.



The following identification rules for abandoned cropland were established. The cropland in the T-th year converted into forestland and grassland in the following three consecutive years, meaning that the cropland abandoned in the T + 3-th years. The identification of abandoned cropland was divided into the following four steps (Figure 3): (1) the boundary of cropland in 2010 in Gaolan County was extracted according to the land classification products. (2) Landsat images were preprocessed as data inputs of random forest classification. (3) Training and validation samples selected for each image using Google Earth images, and the classification method used the random forest method, while the classification results were assessed for accuracy. (4) Identification rules for abandoned cropland were established and abandoned cropland was extracted, based on the land use trajectory.




3.2. Classification of Land Use


Considering that the change detection method is prone to being disturbed by non-cropland changes, an accurate boundary of the cropland vector in Gaolan County in 2010 was obtained from the national land use classification products of the Chinese Academy of Sciences, and the land use image was mapped year by year based on the cropland boundary. Landsat image data from 2011 to 2020 were downloaded after preprocessing Landsat images using the GEE online editor. Among them, Landsat TM image data, Landsat ETM+ image data and Landsat OLI image data were used in 2011, 2012, and 2013–2020, respectively. The addition of the NDVI and the normalized difference building index (NDBI) can improve the classification accuracy of vegetation and buildings [37,38]. The NDVI value was calculated from the crop growth period in the study area (screening time from July to September). The NDVI and NDBI indexes were calculated as follows [37]:


   NDVI = ( NIR − Red ) / ( NIR + Red )   



(1)






   NDBI = ( SWIR − NIR ) / ( SWIR + NIR )   



(2)




where ‘   NIR   ’, ‘  Red  ’ and ‘  SWIR  ’ are the surface reflectance of near infrared, red band and short-wave infrared, respectively.



The bands were split and the B2, B3, B4, B5, B6 and B7 bands of Landsat OLI images were selected (six bands corresponding to Landsat TM/ETM+ images). Moreover, nine auxiliary NDVI, NDBI and DEM bands were used to generate new Landsat image data for the test variables of the random forest classification algorithm. Training samples were drawn by visual interpretation with Google historical images. According to the land use classification system of the Chinese Academy of Sciences, the land use types of the study area were divided into five categories: cropland (1514 sample rectangles), forest (503 sample rectangles), grassland (367 sample rectangles), built-up land (288 sample rectangles), and water (207 sample rectangles). The classification accuracy was verified using Google historical images.



A random forest classifier was selected to map annual land use. Random Forest (RF), an integrated classifier trained and predicted by Breiman, based on multiple decision trees, is widely used in land cover classification due to its high classification accuracy, fast prediction speed and excellent processing of multi-source remote sensing data [23,39,40]. The random forest classification tool of the ENVI5.3 software was used to classify land use in the study area, using 70% of the data as training samples and 30% as verification samples, for accuracy after classification. Two parameters were set in the random forest classification: the number of decision trees was set to 100 and the number of characteristic variables was the square root of the total number of characteristic variables.




3.3. Abandoned Cropland Identification from 2011 to 2020


To evaluate the time series of land use from 2011 to 2020, the land use trajectory of each pixel was calculated and abandoned land was extracted by change detection. From the perspective of the natural succession process of vegetation cover after the abandonment of cultivated land, the cultivated land originally used for agriculture later evolved into continuous grassland, woodland or shrubs [21]. Therefore, we traced back to the land use image before abandonment, and identified the cultivated land that was originally used for agricultural purposes but later succeeded to be grassland, woodland or shrubs, and then mapped the abandonment. In our research, the time of this succession is at least 3 years.



The calculation method for land use trajectory is shown in Figure 4 [24]. Taking the period 2011–2016 as an example, according to the abandoned cropland identification rules, pixels a, b and e were not abandoned during this research period. The cropland of pixel e was converted into built-up land in 2012 and 2014. The cropland of pixel f was converted into built-up land in 2015, so the total time of abandonment was three years. The cropland with pixels c and h had the same duration of abandonment. The cropland of pixel i comprised forest and grassland from 2011 to 2016, and its total time of abandonment was 6 years (since 2011). Based on the calculation rules, the total time of abandonment of cropland for pixels d and g was four and five years, respectively, and the start date of the abandonment was 2012. Thus, a map of abandonment from 2011 to 2020 in Gaolan County was drawn and the total abandonment time was calculated.



The abandonment rate was calculated according to the proportion of abandoned cropland area in 2010, as follows [41]:


       P   a   =     A T     A 0       ×   100 %   



(3)




where ‘   A T   ’ represents the abandoned area in T years and ‘   A 0   ’ represents the cropland area of the benchmark year, 2010.




3.4. Accuracy Evaluation of Abandoned Cropland


In this paper, recall was used to verify the accuracy of abandoned cropland extraction. We downloaded the Google Earth Image 2020 from 91 Weitu Assistant with a resolution of 0.52 m. The image had a clear texture and could be used to verify whether the plot had been abandoned. We used ArcGIS software to create 100 random sampling points and then searched Google Images for images corresponding to these points, in order to determine whether each plot had been abandoned. Recall was calculated as follows [42]:


   Recall =    TP    TP + FN     



(4)




where ‘  TP  ’ indicates that the positive prediction is positive, i.e., correctly extracted abandoned cropland, and ‘  FN  ’ indicates that the positive prediction is negative, i.e., incorrectly extracted abandoned cropland.




3.5. Spatiotemporal Distribution Characteristics of Abandoned Cropland


The study used kernel density methods to analyze the spatial distribution characteristics of abandoned cropland. Kernel density estimation (KDE) is a conventional statistical method using non-parametric density estimation that can efficiently detect and identify the cold and hot regions of a study area [43]. The principle is to calculate the weights of the elements within the size of the search area according to discrete point or line data, and then determine the density change in abandoned cropland based on the distance decay function [44]. The higher the kernel density value, the higher the spatial distribution density of abandoned cropland, while the lower the kernel density, the smaller the spatial distribution density of abandoned cropland. Abandoned cropland data were transformed into point data in ArcGIS software, and the data’s kernel density was estimated using the Kernel Density tool. Repeated verifications confirmed that the results of kernel density zoning for the search radius of 2500 m were good and the data features were smooth. The calculation formula was as follows [43]:


       f   n   =   1  nh     ∑    i = 1   n  k  (       x − x   i   h   )   



(5)




where ‘   f n   ’ represents the kernel density value of the spatial distribution of abandoned land in the study area, ‘ n ’ represents the number of abandoned points, ‘ k ’ represents the function of the kernel density measurement, ‘     x − x   i   ’ represents the distance between abandoned land parcels, and ‘ h ’ represents the search radius.





4. Results and Discussion


4.1. Results of Land Use Classification


4.1.1. Classification Accuracy of Annual Land Use


In our study, the classification accuracy was as high as 95.45% and the kappa coefficient was 0.93 (Figure 5), with an average accuracy of 91.35%. The classification accuracy of various land types was relatively stable and the results of the mean producer’s accuracy (PA) and user’s accuracy (UA) of different land use types showed the highest classification accuracy of water: mean PA and UA values were 95.04% and 100%, respectively. The forest PA and UA were 93.36% and 95.44%, respectively, while the average values for cropland were 96.04% and 89.61%, respectively. The classification results for forest and cropland were good. By contrast, the mean PA and UA values for grassland were low: 82.47% and 89.21%, respectively (Table 2).




4.1.2. Land Use Changes


By classifying Landsat images from 2011 to 2020, an annual land use classification was obtained (Figure 6). Within the range of cropland in Gaolan County, grassland was the second-largest land use type. The change in cropland was not stable and transformed into grassland and forest. With the development of the economy (especially in recent years) and as the built-up area expanded year by year, the increased area was mainly distributed in the northwestern and western parts of the study area.





4.2. Extraction Results of Abandoned Cropland


4.2.1. Spatial Distribution of Abandoned Cropland


After the validation, the recall of cropland abandonment in 2020 was 81%, demonstrating this method’s accuracy in extracting mountainous abandoned cropland. According to the land use classification, the cropland area of Gaolan County in 2010 was 61,704 ha. From 2011 to 2020, abandoned cropland occurred in much of the west of the study area (Figure 7). Table 3 presents statistics for the abandonment area and the annual abandonment rate of cropland. Over the past 10 years, the abandonment rate in Gaolan County ranged from 8.41% to as high as 19.65%, and the area of abandonment ranged from 5189.32 ha to 12,124.88 ha. Abandonment was most serious in 2015 and 2016, representing an area of more than 11,000 ha and rates of 19.65% and 19.42%, respectively. After 2015, the abandonment trend was under control.




4.2.2. Spatiotemporal Distribution of Abandoned Cropland


The annual spatial distribution density was obtained from abandoned cropland using the kernel density estimation (Figure 8). The annual abandoned cropland kernel density estimates were divided into five categories by natural breakpoints. Statistical analysis of the kernel density grading results determined the proximity range of each value in multiple years; the kernel density range was manually divided, to unify the kernel density classification year by year. The range of kernel density of abandoned cropland change in Gaolan County was 0–478 points/km2, from 2011 to 2020. The maximum kernel density fluctuated around 360 points/km2 over multiple years, reaching a maximum value of 478 points/km2 in 2015. From the distribution of kernel density levels over various years, low-density regions spread throughout the period, while medium and low-density areas were mainly concentrated in the years 2012 and 2013. Medium-density regions mainly were distributed in the years 2015, 2016 and 2017. The increases in abandoned areas were mainly manifested in the increased distribution of medium and high-density regions.



Overall, the kernel density value of abandoned cropland in Gaolan County initially increased, and then decreased after 2015. It can be seen that abandoned cropland in Gaolan County increased over the previous years, mainly in the western and northwestern parts of the study area. However, the trend slowed after 2015 and the trend of abandoned land was controlled.





4.3. Total Length of Abandonment


Figure 9 shows the spatial distribution of the different total abandoned time span. The total abandonment length varied from three to 10 years, with an average of 4.2 years. Long-abandoned cropland was mainly distributed in the western and northwestern parts of the study area. The total abandonment length of cropland in the east was relatively short and the total abandonment length of three years was widely distributed in the study area.



Table 4 presents the areas that were abandoned for different lengths of time. The total abandoned area was 15,259.04 ha. The area of cropland abandoned for three years was the largest, at 5016.53 ha, accounting for 32.9% of the total abandoned area. The area of cropland abandoned for nine years was the smallest, at 425.75 ha, accounting for 2.82% of the total abandonment area. Cropland with a total abandonment time of four years and six years was mostly distributed in the study area, and the abandoned areas were 2969.07 and 1716.64 ha, respectively, accounting for 19.45% and 11.25% of the total abandoned area.




4.4. Analysis of Influencing Factors on Abandoned Land


The influencing factors of plot scale have extremely high explanatory power for the spatial distribution of abandonment of cultivated land [12]. Therefore, we selected slope, soil type and soil fertility influencing factors to study their effects on the abandonment rate.



4.4.1. Slope Factor


We calculated the slope from the DEM and divided the slope into 6 categories, namely 0–2, 2–6, 6–15, 15–25, 25–45, and >45°. Then, based on all the points that were abandoned during the research period, the slope value of each pixel was calculated using the tool to extract multiple values to points, and the abandonment rate under each grade of slope was counted (Table 5). It can be seen that as the slope increases the abandonment rate also increases. Higher slope conditions largely lead to abandonment, so policy makers can encourage farmers to increase vegetation coverage in areas with steep slopes and encourage them to stop farming in those areas.




4.4.2. Soil Type and Soil Fertility Factor


Similarly, all of the soil types, soil nitrogen, phosphorus and potassium content of all abandonment points were extracted, and the proportion of the abandonment rate calculated (Table 6). It can be seen that about 65% of all the farmland that was abandoned was situated on Calcisols, and Anthrosols have the smallest proportion. On the other hand, the soil potassium content of abandoned land is 0–1.81 g/kg; the total soil nitrogen content is 0–0.097 g/kg; the soil phosphorus content is 0–0.073 g/kg, and its soil nutrient content is extremely lacking.



The natural soil in most areas of Gaolan County is calcareous soil. It is possible to consider turning the plots with water sources into irrigated agriculture. At the same time, increasing the proportion of forage and legume crops should also be considered, as well as rational rotation and fertilization, intensive cultivation, and continuous improvement of the soil fertility and crop yield.





4.5. Discussions


In our research, the data source used to map abandoned land was medi-um-resolution image data. In previous work, the acquisition of high-resolution, long-term sequence data has always been a major challenge for abandoned land mapping. We processed the data with the help of Google Earth Engine (GEE) cloud computing and obtained Landsat image data with 30 m resolution time series. NDVI, NDBI and elevation was used to assist the accuracy of classification, and then a change detection method based on annual land use trajectory was used to draw an abandonment map of the hilly and gully area of China’s Loess Plateau. However, there may still be some issues that need to be discussed.



(1) There is no uniform definition of abandoned land, and the definition will greatly affect the results. This study defines abandoned land as cultivated land that has not been cultivated for at least 3 years. In order to provide a wide range of references for various studies, we studied the abandonment rates of two situations: where the land had been abandoned for at least 5 years and 10 years of unused cultivation. This was then plotted, see Figure 10. In Figure 10a, the average abandonment rate from 2013 to 2020 is 8.35%, and the average abandonment rate in Figure 10b is 2.4%. It can be seen that the defined time of abandonment is very important to accurately map abandoned land, and the average abandonment rate in our research was 14.55%, which accords with the actual results [20].



(2) The result of land use classification will affect the mapping of abandoned land. First, we created a time-series land use map, and then used the land use change detection method to identify abandonment according to the succession process of vegetation after the abandonment of cultivated land. Therefore, the error of land use classification will be transferred to the extraction of abandoned land, which is inevitable from a methodological point of view. Although the accuracy of land use classification is high, future research will improve the accuracy of classification to map abandoned land more accurately.





5. Conclusions


Based on Landsat’s time series image data, this paper uses the random forest classification method to draw abandoned land in the hilly and gully area of China’s Loess Plateau (from 2011 to 2020) by tracking land use trajectories, which provides a reference for drawing abandoned land in other hilly regions in the world. It also analyzes the influencing factors of the difference in the spatial distribution of cultivated land abandonment from the plot scale, in order to provide policy recommendations for decision makers.



The average accuracy and kappa coefficient of land use classification are 91.35% and 0.88, respectively. The research revealed that the average abandonment rate in Gaolan County was 14.55% from 2013 to 2020, which was serious, and the total area of abandoned cropland was 15,259.04 ha. The abandonment rate first increased and then decreased. In 2015, the abandonment rate was highest; it then decreased year by year. The longest time of abandonment was 10 years and the total time was less than four years for most of the abandoned cropland. The kernel density ranged from 0 to 480 points/km2 and the increase in abandoned areas was mainly manifested in the increased distribution of medium and high-density regions. The People’s Government of Gaolan County has achieved increasingly remarkable results in remediating uncultivated land.



The influencing factors of plot scale can explain the difference in the spatial distribution of abandonment of cultivated land. The slope, soil type and soil fertility factors were selected to analyze their relationship with the abandonment rate. The higher the slope, the less conducive is the land to farming, and the greater the possibility of abandonment. The natural soil, in most areas of Gaolan County, is calcareous soil. Therefore, decision-makers in the hilly and gully areas of the Loess Plateau can encourage farmers to increase vegetation coverage in steep slope areas and consider returning farmland to pasture. On the other hand, we can consider opening up water sources for irrigated farmland to increase crop yields and, at the same time, consider increasing the proportion of leguminous crops, rational crop rotation and fertilization to improve soil fertility.
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Figure 1. Geographic location of the study area. 
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Figure 2. Changes in the industrial structure of Gaolan county from 2010 to 2019 (A); Rural population and percentage of the total population over the same period (B). 
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Figure 3. Technical route for abandoned cropland identification. 
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Figure 4. Extraction of abandoned croplands with land use trajectory (note: modified from Song [24]). 
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Figure 5. Overall accuracy and kappa coefficients for 2011–2020. 
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Figure 6. Results of land use classification in Gaolan County. 
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Figure 7. Spatial distribution of abandoned cropland in Gaolan County. 
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Figure 8. Spatial distribution of kernel density for abandoned cropland in Gaolan County from 2011 to 2020. 
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Figure 9. Distribution of total length of the abandonment (years) in Gaolan County. 
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Figure 10. Abandoned land is the distribution of the total abandonment period for cultivated land that has not been used for at least 5 years (a) and the cultivated land that has not been used for at least 10 years (b). 
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Table 1. Landsat image information.






Table 1. Landsat image information.





	Data Source
	Image Set ID
	Year
	Numbers (Scene)





	Landsat 5
	LANDSAT/LT05/C01/T1_TOA
	2011
	28



	Landsat 7
	LANDSAT/LE07/C01/T1_TOA
	2012
	18



	Landsat 8
	LANDSAT/LC08/C01/T1_TOA
	2013–2020
	224
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Table 2. Mean PA and UA for different land use types from 2011 to 2020.
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	Land Use Type
	Producer’s Accuracy
	User’s Accuracy





	Cropland
	96.04%
	89.61%



	Forest
	93.36%
	95.44%



	Grassland
	82.47%
	89.21%



	Built-up Land
	81.99%
	98.32%



	Water
	95.04%
	100%
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Table 3. Statistical results regarding abandoned cropland in Gaolan County from 2013 to 2020.
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	Year
	Abandonment Area (ha)
	Abandonment Rate (%)





	2013
	6873.85
	11.14



	2014
	9089.03
	14.73



	2015
	12,124.88
	19.65



	2016
	11,982.96
	19.42



	2017
	10,656.32
	17.27



	2018
	9644.37
	15.63



	2019
	6256.81
	10.14



	2020
	5189.32
	8.41
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Table 4. Abandoned areas of different total length of abandonment in Gaolan County.
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	Total Length of the Abandonment (Year)
	Abandonment Area (ha)





	3
	5020.24



	4
	2969.07



	5
	1533.54



	6
	1716.64



	7
	1055.79



	8
	1066.09



	9
	430.81



	10
	1466.75
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Table 5. Abandonment rate of different slope ranges in Gaolan County.
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	Slope (°)
	0–2
	2–6
	6–15
	15–25
	25–45
	45–62





	Abandonment area (ha)
	605
	3023
	6466
	3640
	1296
	8.6



	Cropland (ha)
	3298
	16,807
	27,376
	11,260
	2945
	16



	Abandonment rate (%)
	18.34
	17.99
	23.62
	32.33
	44
	53.75
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Table 6. Percentage of abandonment rate of different soil types.
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	Soil Type
	Calcisols
	Cambisols
	Anthrosols
	Arenosols





	Percentage of abandonment rate (%)
	65.82
	14.63
	9.05
	10.5
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