

  remotesensing-15-00669




remotesensing-15-00669







Remote Sens. 2023, 15(3), 669; doi:10.3390/rs15030669




Article



Monitoring Cropland Abandonment in Southern China from 1992 to 2020 Based on the Combination of Phenological and Time-Series Algorithm Using Landsat Imagery and Google Earth Engine



Yingyue Su 1, Shikun Wu 1, Shanggui Kang 1, Han Xu 1, Guangsheng Liu 1, Zhi Qiao 2[image: Orcid] and Luo Liu 1,*[image: Orcid]





1



Guangdong Provincial Key Laboratory of Land Use and Consolidation, South China Agricultural University, Guangzhou 510642, China






2



Key Laboratory of Indoor Air Environment Quality Control, School of Environmental Science and Engineering, Tianjin University, Tianjin 300350, China









*



Correspondence: liuluo@scau.edu.cn







Academic Editor: Dino Ienco



Received: 3 January 2023 / Revised: 18 January 2023 / Accepted: 20 January 2023 / Published: 23 January 2023



Abstract

:

Cropland abandonment is one of the most widespread types of land-use change in Southern China. Quickly and accurately monitoring spatial-temporal patterns of cropland abandonment is crucial for food security and a good ecological balance. There are still enormous challenges in the long-term monitoring of abandoned cropland in cloud and rain-prone and cropland-fragmented regions. In this study, we developed an approach to automatically obtain Landsat imagery for two key phenological periods, rather than as a time series, and mapped annual land cover from 1989 to 2021 based on the random forest classifier. We also proposed an algorithm for pixel-based, long-term annual land cover correction based on prior knowledge and natural laws, and generated cropland abandonment maps for Guangdong Province over the past 30 years. This work was implemented in Google Earth Engine. Accuracy assessment of the annual cropland abandonment maps for every five years during study period revealed an overall accuracy of 92–95%, producer (user) accuracy of 90–96% (73–87%), and Kappa coefficients of 0.81–0.88. In recent decades, the cropland abandonment area was relatively stable, at around 50 × 104 ha, while the abandonment rate gradually increased with a decrease in the cultivated area after 2000. The Landsat-based cropland abandonment monitoring method can be implemented in regions such as southern China, and will support food security and strategies for maintaining ecological balance.
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1. Introduction


Cropland abandonment is a widespread phenomenon that can be defined as the process by which arable land that was previously cultivated is gradually restored to natural vegetation, without agricultural management for at least two to five years [1,2,3,4,5]. Since the industrial revolution in the mid-19th century, a large area of cultivated land has been abandoned in Europe and other developed regions worldwide [6,7,8,9,10]. In China, abandonment of farmland has occurred in more than 100 counties due to the rapid economic development and urbanization that started in the 1990s [11,12]. However, cropland abandonment not only has an impact on biodiversity and carbon storage [13,14,15,16,17,18], but leads to waste of cultivated land and decline in agricultural production [7,19,20]. The average arable land area per person in China is only half of the world’s average [21], and the reduction of arable land and continuous increase in cropland abandonment has threatened national food security [22]. There is an urgent need to formulate policies with a scientific basis to address this and ensure social stability. Therefore, it is necessary to monitor cropland abandonment over the long term so as to provide data support for exploring the driving mechanism of cropland abandonment.



Due to the complexity of the cropland abandonment process, it is difficult to map spatial and temporal changes therein using existing abandoned cropland data. For example, abandoned cropland recorded by “on-the-spot photographs” can easily be confused with fallow land, and therefore may not reflect the spatial-temporal pattern of abandonment. Remote sensing-based technology is the most effective and reliable way of mapping abandoned cropland and estimating the rate of abandonment [23,24]. However, as the intermediate stage between cultivated land and forest, abandoned cropland with regenerated grasses or shrubs in different succession phases is similar to grassland [25] and sparse woodland, and it is difficult to differentiate between these land cover types with static images [5,26]. Time series images can capture the dynamic features of different land cover types, and high temporal resolution data [e.g., Moderate Resolution Imaging Spectroradiometer (MODIS)] have been widely applied to map cropland abandonment [25,27,28,29]. However, abandoned cropland in hills and scattered plots is usually too fragmented to be extracted from coarse-resolution (250 m to 1 km) data. Cropland in China is highly fragmented, with an average field size of 1.52 mu (1 mu ≈ 666.667 m2). The particularly small (0.9 mu) fields in hill regions may lead to large classification errors due to the mixed pixels in coarse-resolution data [19,30]. Moreover, MODIS data do not cover the cropland abandonment that occurred in China in the 1980s. Fortunately, the resolution (30 m) and temporal depth of Landsat satellite images overcome the limitations of MODIS, and can thus be used to monitor long-term cropland abandonment at a fine spatial scale [2,31,32].



Landsat imagery has been widely used to map cropland abandonment, but the complex inter- and intra-annual spectral diversity of cropland presents challenges [28,33]. Existing monitoring studies based on Landsat data have mainly focused on two approaches. The first approach is mainly used to detect land cover conversion [34,35,36,37], with the reliability principally depending on the accuracy of annual land cover classifications [23]. However, this approach is usually applied to typical land cover classes and few studies have focused specifically on abandoned cropland. A recent study monitoring cropland abandonment based on annual land cover types considering vegetation characteristic for land cover types. Early successional grass and shrubs can be used to monitor changes from cultivated land to abandoned cropland [2]. However, errors may occur in land cover maps for individual years, including misclassification of grassland and uncultivated fields. Methods that identify cropland abandonment based on annual cropland maps have lower accuracy and long-term monitoring is particularly challenging [33]. The second approach is to map cropland abandonment by monitoring vegetation changes based on time series spectral data, such as the normalized difference vegetation index (NDVI) and bare soil index (BSI) [2,38,39,40,41]. However, there are several limitations to such time series algorithms. First, due to the complexity of crop types in activated croplands, time series spectra vary widely [2]. Therefore, it is difficult to identify the transition to abandoned farmland. Second, dynamic characteristics are significantly affected by missing data in cloudy and rainy areas of southern China, which may lead to large errors in such regions.



Furthermore, the various definitions of cropland abandonment make it difficult to evaluate the reliability of the different approaches to mapping it [2]. Long-term annual land cover classification schemes including uncultivated cropland can be applied to adjust cropland abandonment maps. However, as in annual classification schemes, during the initial vegetation succession stage, as well as during the transition toward woody vegetation after abandonment for several years, abandoned cropland vegetation can easily be confused with cultivated land or woody vegetation. Grassland may also be confused with uncultivated cropland due to their similar phenological characteristics in annual land cover classification schemes, leading to overestimates of abandoned cropland. Moreover, when there are many missing data points or outliers in individual years, land cover types may be erroneously classified. Ideally, cropland abandonment should be mapped over the long term on a year-by-year basis correction according to prior knowledge, natural laws, and clear definitions of land cover types.



Given the need for cropland abandonment information and the difficulty in monitoring it over the long term in cloud-prone and cropland-fragmented regions, this study attempted to develop an approach to map abandoned cropland from 1992 to 2020 in southern China based on Landsat imagery and the Google Earth Engine (GEE). Our goal is to develop an approach for annual land covers classification based on phenology and mapping cropland abandonment with time-series algorithm for annual land covers maps.




2. Materials and Methods


2.1. Study Area


Guangdong Province (Figure 1) is located in the southern part of mainland China (20°13′–25°31′E and 109°39′–117°19′N). It contains 21 cities, has a land area of 179,800 km2, and is part of the East Asian monsoon zone (which has central subtropical, southern subtropical, and tropical climates from north to south). Guangdong Province has abundant light, heat, and water resources to meet crop growth requirements in China. However, the landform types are complex and diverse, with 70% of the area being mountainous and hilly, and the cropland being relatively fragmented. According to statistical data for 1990, the area of cropland in Guangdong Province was 252.88 × 104 ha, while in 2019 it was 190.19 × 104 ha; thus, there has been a significant decrease in the area of cropland. Moreover, with the introduction of migrant workers in the 1990s, the abandonment of cropland has increased, which may ultimately affect the stable development of society [5]. Furthermore, existing time-series based cropland abandonment mapping algorithms still face challenge in southern China due to the cloudy and rainy weather there. Therefore, Guangdong Province is an appropriate study area for mapping cropland abandonment over recent decades.




2.2. Data


2.2.1. Landsat 4/5/7/8 Imagery and Pre-Processing


Landsat series satellites with 30-m spatial resolution jointly managed by NASA and USGS are mainly used to detect the resources and environment of earth. For monitoring cropland abandonment in Guangdong Province over the last 30 years, Landsat surface reflectance (SR) data from 1989 to 2021 were collected from GEE, including 14 Landsat-4 scenes from 1989 to 1993, 4734 Landsat-5 scenes from January 1989 to April 2012, 4814 Landsat-7 scenes from May 1999–2021, and 2499 Landsat-8 scenes from March 2013–2021 (Figure 2a). The Scan Line Corrector (SLC) of Landsat-7 malfunctioned in 31 May 2003, resulting in the scanning pattern to record wedge-shaped scan-to-scan gaps along the satellite ground track, obtaining approximately 78% of the data of the normal scene area for acquired images [42].



The Landsat-8 SR dataset was processed to the Level 1 Precision Terrain level for compatibility with Landsat-4/5/7. Image areas of poor quality, including those affected by cloud, cloud shadow, snow/ice, and cirrus, were identified and masked using the FMask algorithm [43]. The average numbers of good-quality observations from 1989 to 2021 (in 0.5° latitude increments) in Guangdong Province are shown in Figure 2b. For the periods 2000–2009 and 2013–2021, there were abundant good-quality observations (average of ~15 scenes for each 0.5° latitude). Good-quality data were least abundant for 2012 (2–4 scenes per 0.5° latitude). As for the pixel-based spatial distribution of good-quality observations number in 2009 (Figure 2c) and 2019 (Figure 2d), there were more than nine good-quality scenes in most areas.




2.2.2. CNLUCC


China Multi-period Land Use Land Cover Change Remote Sensing Monitoring Dataset (CNLUCC) in 1990, 1995, 2000, 2005, 2010, 2015, and 2020 verified by field inspection and manually revised were obtained from the Resource and Environmental Science Data Registration and Publishing System, which were one of the one of the reference bases for expending training samples and verifying our proposed approach.




2.2.3. Field Surveys


Our field surveys for different land covers were conducted with different distribution patterns in Guangdong province in 2019. Field surveys data for “Cultivated field” (53 sample points) randomly distributed in various regions in Guangdong Province due to the complex and diverse crops planted there, while that of “Uncultivated field”, “Woody vegetation”, “Water”, built-up land and bare land of “Other land-cover” (171, 40, 35, 30, and 35 sample points, respectively) were mainly distributed in three prefecture-level cities (Meizhou, Maoming and Zhanjiang) in Guangdong province obtaining from the special survey projects. The field survey data were used to construct the land covers feature library including spectral feature and shape, texture, and color, as well as brightness in the remote sensing images for generating expanded training samples and testing the accuracy of our proposed annual land covers classification method.




2.2.4. The Regions of Interests (ROIs) for Approach Training and Validation from Field Survey and CNLUCC Data


Our method for mapping cropland abandonment was based on five self-generated annual land cover classifications referring to the classification system CNLUCC. “Uncultivated field” was defined as cropland not planted with crops or grassland covered with herbs or shrubs in the year of interest, such that it was overgrown with herbaceous vegetation, belonging to the category of cropland (grassland) in CNLUCC. “Cultivated field” was defined as actively cultivated cropland in the year of interest. “Woody vegetation” was defined as woody vegetation. “Water” included rivers, lakes, reservoirs, seas, and other water bodies. “Other land cover” was defined as any land not covered by the above four categories, including built-up and bare land.



The Regions of Interests (ROIs) for training the land cover classification model were taken from 2019 and 2009. ROIs in 2019 including field survey ROIs and ex-pended ROIs. The expanded ROIs were developed based on the field survey data and the CNLUCC data (Figure 3) [36].



Firstly, we obtained two types of basic data including field survey data in 2019 from Guangdong Province and the CNLUCC of Guangdong province in 2010 and 2020 (as a reference for expanded ROIs in 2009 and 2019, respectively). Secondly, we constructed a land covers features library based on the basic data, including the spectral characteristics of each land cover from field survey data, the characteristics of VHR images, and Landsat true and false color images, such as shape, texture, color, and brightness. CNLUCC data were used as one of the references for developing ROIs. Thirdly, we generated the expanded ROIs based on the land covers features library from the second step. See “Development of ROIs” in Figure 3 for the detailed process. We preliminarily judged a land cover type based on the characteristics of the VHR image, and further checked whether it matched the spectral characteristics and CNLUCC. If it did not match, the sample point was discarded. If it matched, it was further judged based on the multi-season Landsat true and false color images. Note that our artificially expanded ROIs must completely match the characteristics of VHR and Landsat true and false color images, as well as the spectral characteristics and CNLUCC, before they can be determined as the final ROIs. To reduce the effects of sensor differences, ROIs for 2009 were modified based on the ROIs from 2019 and expanded following the flowchart in Figure 3. In total, the ROIs in 2019 (2009) were “Uncultivated field” [1108 (788) pixels], “Cultivated field” [666 (1399) pixels], “Woody vegetation” [1572 (2400) pixels], “Water” [235 (264) pixels], and “Other land cover” [376 (347) pixels] (Figure 4). To verify the reliability of our expanded ROIs and land covers classification approach, 30 sample points for each land covers randomly obtained from field ROIs in 2019 were used for verifying the land cover classification model and analyzing the misclassification for each land cover. The rest of field surveys ROIs (“Uncultivated field” 141 pixels, “Cultivated field” 23 pixels, “Woody vegetation” 10 pixels, “Water” 5 pixels, and “Other land cover” 33 pixels) combined with all the manually expanded ROIs from both 2009 and 2019 (“Uncultivated field” 1725 pixels, “Cultivated field” 1952 pixels, “Woody vegetation” 3104 pixels, “Water” 464 pixels, and “Other land cover” 660 pixels) were used to train the land covers classification model. As for the distribution of ROIs, “Cultivated field” areas distributed in various regions of Guangdong were sampled; these areas contained different types of crops. The ROIs of other land covers with high homogeneity of characteristics and small intra-annual variation were distributed in regions around the field survey ROIs in Meizhou, Zhanjiang, and Maoming (Figure 4).



We developed an algorithm for annual land cover classification in Guangdong from 1989 to 2020 based on key phenological data. Furthermore, we developed an algorithm that can correct for land cover misclassification; it was used to map cropland abandonment from 1992 to 2020 based on prior knowledge and natural laws. The algorithm was implemented in GEE. The workflow is shown in Figure 5.





2.3. Algorithm


2.3.1. Algorithm for Annual Land Cover Classification


Time series-based methods are difficult to apply in the cloud-prone, cropland-fragmented region of southern China. To solve this problem, we proposed a phenology-based algorithm to automatically index data for key phenological periods, and we used it in combination with an RF classifier for annual land cover classifications from 1989 to 2021.



Time series-based remote sensing methods have been widely applied to map cropland abandonment. However, the time series characteristics of cultivated land are difficult to determine in areas with many different crops. Moreover, Guangdong is a cloudy and rainy area, and a lack of suitable data makes it difficult to construct land cover time series characteristics. In this study, we were dedicated to obtaining dimensionality-reduced Landsat data for key phenological periods, which can effectively distinguish the five land cover types. To our knowledge, all land cover can be broadly categorized into two groups by judging whether it is covered with vegetation. As for our self-generated land cover types, “Uncultivated field,” “Cultivated field,” and “Woody vegetation” are the categories that covered with vegetation, while “Water” and “Other land cover” are the categories with no vegetation covered. These two categories can be distinguished based on their different degree of vegetation coverage, while the category covered with vegetation should be further analyzed, especially with regard to the annual vegetation changes. The NDVI is a typical spectral index that can reflect vegetation coverage and changes [44], while the NDSI is sensitive to bare soil [45]. Therefore, NDVI and NDSI time series data were used to analyze the vegetation coverage and vegetation changes of these five land covers. After analysis, it can be found that Landsat data for the combination of two key phenological periods can well distinguish the vegetation coverage and vegetation changes of the five land cover types.



One key phenological period is the “least vegetative phase” (LVP). During these periods, bare soil occurs in “Cultivated field” (Figure 6b) before and after the crops are planted, and the NDVI usually reaches a minimum while the NDSI reaches a maximum. For “Uncultivated field” in Guangdong (Figure 6a), herbaceous vegetation is generally sparse at the beginning and end of the year, when the temperature is lowest and there is no field management. The “Woody vegetation” (Figure 6c) class mainly included evergreen forests due to the warm and humid climate in southern China (https://en.wikipedia.org/wiki/Evergreen_forest, accessed on 24 December 2022); this class always shows fewer vegetation changes and higher vegetation coverage throughout the year than others, and its NDSI in this phase is higher than the other two land covers with vegetation-cover due to the less exposed soil (Figure 6a–e). The other key phenological period is the “peak vegetative phase” (PVP). Typically, the “Water” (Figure 6d) and “Other land cover” (Figure 6e) areas had little vegetation cover, and their NDVI was low and showed little variance throughout the year. For the other three land cover types, the vegetation density and NDVI were highest during the peak vegetative phase. Furthermore, these two key phenological periods presented that, among the category covered with vegetation, “Cultivated field” has the largest annual vegetation change, followed by “Uncultivated field”, and “Woody vegetation” changed the slightest. Therefore, data for LVP and PVP were integrated for annual land cover classification. Pixel-based Landsat data for LVP was composed by using the maximum annual value of NDSI minus the NDVI [(NDSI-NDVI)-max] as an index for each pixel, while that for PVP was composed by using the maximum annual NDVI (NDVI-max) as an index for each pixel.


  NDVI =    ρ  n i r   −  ρ  r e d      ρ  n i r   +  ρ  r e d      



(1)






  NDSI =    ρ  s w i r   −  ρ  g r e e n      ρ  s w i r   +  ρ  g r e e n      



(2)







To improve land cover classification, blue, green, red, near-infrared (NIR), and shortwave-infrared (SWIR) bands were used. Figure 7a–c show that the blue, green, and red bands can distinguish “Uncultivated field” from “Water” and “Other land cover”. The NIR band is also important for detecting vegetation changes [46,47,48]; Figure 7d shows that it could distinguish “Uncultivated field” from all other types of land cover except “Woody vegetation”. Meanwhile, SWIR differentiated “Uncultivated field” from “Water” and “Other land cover” in both the PVP and LVP; the other two land cover types could only be differentiated based on SWIR in the LVP.



Spectral indices (Figure 7f–i) were also used to facilitate classifications. Two vegetation indices (NDVI and EVI [49]) and land surface water index (LSWI) [50] clearly distinguished “Uncultivated field” from other land cover types, while the NDSI could only distinguish “Water” and “Other land cover”. The difference in annual NDVI (NDVIdiff) and EVI (EVIdiff) play an important role in annual land cover classification, and reflect changes in vegetation intensity for all land cover types.


  LSWI =    ρ  n i r   −  ρ  s w i r      ρ  n i r   +  ρ  s w i r      



(3)






  EVI = 2.5 ∗  (     ρ  n i r   −  ρ  r e d      ρ  n i r   + 6.0  ρ  r e d   − 7.5  ρ  b l u e   + 1    )   



(4)






    NDVI   diff   = N D V  I  m a x   − N D V  I  m i n    



(5)






    EVI   diff   = E V  I  m a x   − E V  I  m i n    



(6)







Pixel-based images containing the selected sensor bands and spectral indices of PVP and LVP were combined with ground truth data and used as input for training the RF model (Figure 8). The RF algorithm, proposed by Breiman in 2001 [51], has been widely used for land cover classification. It improves decision tree algorithms that integrate multiple decision trees. Multiple decision trees bifurcate and “recurse” the input features of RF models simultaneously, enabling them to determine the most critical features according to information entropy. The final input features of the RF model are determined by voting for their importance. Our land cover classification model was trained by a random forest algorithm. Based on an accuracy and efficiency test with varying numbers of trees and different default parameters, the final RF model was trained using 200 trees. The trained RF model was used to distinguish five land cover types in the PVP and LVP, based on which annual land cover maps were generated from 1989 to 2021 for Guangdong Province.




2.3.2. Algorithm for Mapping Cropland Abandonment


The cropland abandonment mapping was based on annual land cover classifications, such that a clear definition of cropland abandonment and accurate land cover classifications were needed. We defined abandoned cropland as cropland without agricultural management (“Uncultivated field”) for at least 2 consecutive years, which avoided misclassification of year-round fallow fields and took consideration into the situation of the increasing population and decreasing area of cropland in China. A reduction of annual classification errors in the period 1989–2021 can improve the reliability of abandoned cropland mapping, and we proposed an algorithm for time-series correction [36] with a sliding window to map cropland abandonment based on prior knowledge and natural laws, as stated above (Figure 9). We are committed to correcting the pseudo land use changes that presented in the classification results caused by erroneous data (e.g., the mutation of “Water” into other land cover in individual years can be corrected in Step 1) as well as human activities/natural disaster (e.g., “Woody vegetation” misclassified as “Cultivated field” or “Uncultivated field” due to large changes in vegetation caused by human logging or typhoons can be corrected in Step 2) or different land covers with similar characteristics (e.g., the grass land or shrub vegetation classified into “Uncultivated field” in the annual land cover maps can be ruled out the possibility that they were mapped as abandoned cropland according Step 4). Note that, in order to correct the abnormal land type changes in the annual land cover maps more accurately, our time-series corrections algorithm was implemented based on the annual land cover classification with five land cover types, which is due to the fact that: refinement of land cover types provided the ability to be corrected according their respective characteristics; under some natural or human-activity influences, the “Woody vegetation” will be misclassified as the other two land cover types covered by vegetation, so it is necessary to correct it separately. However, our final maps only extracted abandoned cropland and cultivated cropland but merged “Woody vegetation,” “Water,” and “Other land cover” into one class. The correction and mapping procedures were as follows.



Step 1: We composed the resultant land cover maps from 1989 to 2021, separated each land cover type for a single map (labeled 1 for “Yes” and 0 for “No”), and used a sliding window of 2–4 years for correction. According to the definition of abandoned cropland, the “correction rules” for “Uncultivated field” were different from the other four land cover types. For “Uncultivated field”, all pixels with values of 1 in < 2 consecutive years were changed to 0, where “0 1 0” was converted to “0 0 0” with a sliding window of 3 years, and “0 1” to “0 0” in the last two years. Considering the stability of the other four land cover types, converted “0 1 0 0” to “0 0 0 0” with a sliding window of 4 years, “0 1” to “0 0”, “1 0” to “1 1” in the last two years, and “0 1 0” to “0 0 0” in the first three years, aiming to correcting the abrupt changes in land covers in individual years caused by remote sensing aberrant information.



Step 2: After separate correction, all long-term land cover types were combined in each year from 1989 to 2021. “Cultivated field,” “Uncultivated field,” “Woody vegetation,” “Water,” and “Other land cover” were labeled as 0–4, respectively.



Step 3: “Woody vegetation” comprised forest or thicket that was cut down or replanted after felling, and this type of vegetation coverage can change over time, thus woody vegetation can easily be misclassified as “Cultivated field” or “Uncultivated field.” Therefore, “2 1 0” was converted to “2 2 0,” “0 1 2” to “0 2 2” (sliding window of 3 years), and “2 1” to “2 2” in the last two years.



Step 4: After applying the above corrections, we mapped cropland abandonment. Land was identified as abandoned cropland only when at least 2 consecutive years of the “Uncultivated field” classification occurred after the “Cultivated field” classification (conversion of “1 1 0” to “0 0 0” in the first three years each pixel). Aiming to eliminate the grassland or shrubs that did not turn into abandoned cultivated land, as well as the commission error of sparse forests in “Woody vegetation” to “Uncultivated field,” ensured that the source of abandoned cropland is cultivated land. Therefore, cropland abandonment mapping stared in the second year, i.e., 1990. Finally, all land cover types except “Uncultivated field” and “Cultivated field” were merged into one class, i.e., land cover, types 2–4 were all assigned a value of 2. Due to uncertainty caused by the start and end of the study period, cropland abandonment maps with three categories (0 is “cultivated cropland” (CC), 1 is “abandoned cropland” (AC) and 2 is “other land cover” (OLC)) of land cover were generated from the fourth year (1992) to the penultimate year (2020).





2.4. Accuracy Assessment for Cropland Abandonment Maps


To validate the reliability of our algorithm, the accuracy of the cropland abandonment maps was assessed based on stratified random sampling using GEE (Figure 10). First, based on Landsat pixels, “validation points” were generated in Guangdong Province for AC, CC, and OLC. The size of the validation points was determined based on the expected overall accuracy (OA) of the cropland abandonment maps. Samples size allocations in AC, CC, and OLC depended on the proportions of their areas, but each stratum should have at least 75 samples (Table 1). The sampling points were verified as followed processes (take 1995, for example) (Figure 11). The validation for each sample point followed the development-based logic and details of expanded ROIs in Section 2.2.4 (Figure 3). The resultant maps of CC and OLC types were judged on the bases in 1995, while AC should be verified with three consecutive years (1994, 1995, and 1996). For the AC verified in 1995, the sample point was firstly judged in 1995. If the judgement for AC in 1995 was “No,” this sample point was misclassified as AC. The sample point should be further analyzed in 1994 and 1996 while the judgement was “Yes.” Only when the sample point was identified as AC for at least one year among 1994 and 1996 (1994 √ and 1996×; 1994× and 1996 √; 1994 √ and 1996 √), it was correctly identified. After verification, Kappa coefficients, OA, UA, and PA were calculated based on the confusion matrix. Because the sensors differed throughout the study period, verification was performed every 5 years from 1992 to 2020 (in 1995, 2000, 2005, 2010, 2015, and 2020).





3. Results


3.1. Accuracy Assessment of Annual Land Cover Classification Model


Based on the field survey ROIs in 2019 for approach validation, our annual land cover classification model had an overall accuracy of 0.87, while the UA (PA) for “Uncultivated field,” “Cultivated field,” “Woody vegetation,” “Water,” and “Other land-cover” were 0.79 (0.77), 0.84 (0.90), 0.81 (0.87), 0.97 (0.93), and 0.93 (0.87), respectively (Table 2), which showed that the classification approach had certain reliability, but there were still different degrees of identification errors occurring to each land cover. Among which, both the UA and PA for “Uncultivated field” were lowest, while that was followed by “Woody vegetation”. It was mainly due to the fact that the shrubs included in “Uncultivated field” being the intermediate stage from herbaceous vegetation to woody vegetation actually had similar vegetation coverage and changes per annual year as sparsely forested vegetation in “Woody vegetation”. This situation can be further corrected based on our time-series annual land-covers maps corrections algorithm in Section 2.3.2; only when “Uncultivated field” is followed by “Cultivated field” for at least 2 years can it be identified as abandoned cropland, so the errors where sparsely forested vegetation is misclassified as “Uncultivated field” can be corrected based on the algorithm. The omission of “Cultivated field” mainly occurred for the cropland that had been abandoned for several years and naturally evolved into a shrub-dominated field. Furthermore, errors also may occur for each land cover in annual classification due to the missing data of key phenological periods (e.g., the commission errors of “Cultivated field” to “Uncultivated field” or “Woody vegetation” or “Other land-cover”) or remote sensing aberrant information (e.g., the commission errors between “Water” and “Other land-cover”) or sudden changes in “Woody vegetation” caused by human factors. These errors can be relieved based on the time-series correction approach for every land-cover that would be further corrected year-by-year.




3.2. Accuracy Assessment of Cropland Abandonment Maps


Based on the land cover classification model trained with 2009 and 2019 sample data, annual land cover classification maps were generated from 1989 to 2021, and cropland abandonment was mapped from 1992 to 2020 based on long-term land cover classifications corrected annually (on the basis of prior knowledge and natural laws).



The confusion matrix and results of the accuracy assessment of cropland abandonment maps in 1995, 2000, 2005, 2010, 2015, and 2020 are shown in Table 3. The highest OA was 0.95 (2015), while the lowest was 0.92 (1995, 2010); the highest kappa coefficient was 0.88 (2000, 2015) and the lowest was 0.81 (2010). The PA and UA of OLC were higher than those for AC and CC (PA, 0.93–0.96; UA, 0.97–0.99). For AC and CC, the PA ranged from 0.90 to 0.96 and 0.85 to 0.96, respectively. For CC and AC, the UA ranged from 0.90 to 0.96 and 0.73 to 0.87, respectively. The lower UA for AC was related to the fact that AC covered with dense bushes that had been abandoned for several years have the similar phenological characteristics with the shrubby vegetation in OLC, leading to misclassification of OLC as AC. The uncertainty is further analyzed in Section 4.2.




3.3. Spatial-Temporal Patterns of Cropland Abandonment


The spatial-temporal pattern of cropland abandonment maps for large-scale and details of typical areas in Guangdong were presented for every five years from 1995 to 2020.



From large-scale perspective (Figure 12), the extent of cropland abandonment increased significantly after 2000, accompanied by a decrease in cultivated land. As shown in Figure 12b,f, the most obvious increase in cropland abandonment and decrease in cultivated cropland occurred in the northern part of western Guangdong (WG), the entire Pearl River Delta (PRD), the central part of eastern Guangdong (EG), and the eastern part of northern Guangdong (NG).



From the detail view of typical area of cropland abandonment, Figure 13a1,a2 show the spatial-temporal changes in plain areas over a 6-year period. Abandonment mainly occurred in fragmented cropland, and the area thereof was small compared to the large area of contiguous cropland. Figure 13b1,b2 show that cropland decreased sharply in the PRD from 2005 to 2010 due to land-use transformation from cropland to fishponds and built-up land. As shown in Figure 13c1,c2, a large area of cropland in the mountainous regions had been abandoned by 2020 due to the fragmentation of cultivated land, and complex terrain in hilly and mountainous areas make it difficult to meet mechanized agricultural management, while the management is high-cost and labor-intensive work, and, with the movement of people from the rural areas to urban, there are not enough people available to carry out the agricultural work there.




3.4. Extent of Cropland Abandonment during the Last 30 Years


The area of cropland abandonment, cultivated area, and rate of abandonment in Guangdong Province from 1992 to 2020 are shown in Figure 14. Over the last 30 years, the area of abandoned cropland has remained relatively stable, at around 50 × 104 ha, although the abandonment rate increased gradually with the decrease in cultivated area since 2000. From 1992 to 1995, due to large-scale construction and changes in the agricultural structure in rural areas, the cropland area declined significantly, while the abandoned area increased to over 60 × 104 ha and the abandonment rate to 16%. With the introduction of cropland protection policies and convictions for illegal occupation of cropland, destruction of arable land, unlawful granting of land ownership, and illegal transfer of land, the abandoned area decreased from 1996 to 2000. The rate of abandonment decreased to < 10% in 2000 but gradually increased thereafter, reaching 20% between 2000 and 2017. From 2017 to 2019, the rate of cropland abandonment exceeded 20%, which is the highest during the last 30 years. However, the area of cropland either remained unchanged or increased slightly from 2017 to 2020, while the rate of abandonment in 2020 decreased. The main reason for this decrease was the outbreak of coronavirus 2019 at the end of 2019, which highlighted the need to ensure food security and self-sufficiency [52].





4. Discussion


4.1. Reliability of the Cropland Abandonment Mapping Algorithm


This study proposed a feasible and reliable algorithm for mapping cropland abandonment over the past 30 years in a cropland-fragmented and cloud-prone region of southern China, based on a phenological classification system and long-term classification corrections using Landsat imagery and GEE. The proposed method for mapping cropland abandonment was based on non-time series data and applied over the period 1992–2020. This was possible due to the availability of massive, long-term Landsat remote sensing data and sufficient computing power, as well as the stability of evergreen woody vegetation in south China.



First, the existing methods based on high temporal resolution but coarse-resolution images met the requirements for analyzing time series characteristics. However, for cloud-prone areas of highly fragmented cropland, such as southern China, coarse-resolution pixels can lead to large errors. In addition, remote sensing data does not cover the period when cropland abandonment began in China, i.e., the 1990s [5,53]. Long-term Landsat-SR imagery with 30 m spatial resolution captured since 1989 can overcome the limitations of moderate-resolution images. The high number of good-quality observations (>12 scenes for every 5° increment in latitude) in most years allowed us to analyze two key phenological periods.



Second, our land cover classification method was implemented based on a phenological analysis of different land cover types, especially ones associated with vegetation. First, we defined land cover types based on NDVI and NDSI time series data, which provide information on vegetation cover and changes therein. Landsat-SR image features for LVP and PVP were composed according to the NDSI-NDVI-max and NDVI-max, respectively. For annual land cover classifications, an RF classifier was used with LVP and PVP data serving as input. Unlike existing time series-based methods, our algorithm may alleviate the problem of variation in time series characteristics for the same land cover types, which can arise when there are few data in cloud-prone areas; this may lead to land type misclassification (Figure 15).



Compared to previous studies on changes in time series spectral indices [25], we incorporated more features, including sensor bands and spectral indices, to improve the accuracy of land cover classifications. Finally, dimensionality reduction of the data in this study reduced the computational burden, such that it became possible to map cropland abandonment over the long term.



Third, we mapped cropland abandonment over 30 years and calculated the abandonment rate; corrections of time-series algorithm were applied based on prior knowledge. With consideration of the effects of data error and the stable characteristics of woody vegetation in southern China, the annual land cover classification corrections performed in this study enabled the production of more reliable and intuitive maps of annual abandoned cropland. Moreover, our algorithm could exclude types of grassland that may lead to misclassifications, thus improving the accuracy of the cropland abandonment maps. We also determined the duration of abandonment in every year (Figure 16), which is important to balance food security with ecological considerations [21]. The typical duration of abandonment for given areas in Guangdong Province from 1992 to 2020 was 2–5 years, and newly abandoned cropland was seen every year. The longest duration of abandonment was 18 years, but this area was very small. Cropland abandonment has been reasonably well controlled in Guangdong, although longer cropland abandonment times were associated with lower soil carbon sequestration capacity, which greatly reduced ecological benefits and affected food security.



Fourth, GEE is a cloud-based computing platform for processing satellite imagery and other observation data. It provides a large database of satellite imagery, immense computational power, and numerous algorithms for geospatial analysis. In this study, we searched for and collected cloudless Landsat data from GEE for the annual LVP and PVP analyses. Because the LVP and PVP differed among land cover types over the study area at the pixel scale, this step would have been almost impossible without using GEE. Moreover, the RF classifier for land cover could be used directly in conjunction with the GEE platform. Furthermore, due to its high-performance parallel computing capabilities, efficient processing and analysis of large-scale, long-term geospatial data can be conducted to map cropland abandonment using the GEE platform. Our proposed method to map cropland abandonment based on land cover maps over a 32-year period required only ~30 min for annual-scale mapping of a 19.8 × 104 km2 area for Guangdong Province at 30 m spatial resolution.




4.2. Potential Sources of Uncertainty


The accuracy of the proposed cropland abandonment mapping algorithm may be affected by several factors. Firstly, 30 m spatial resolution Landsat imagery used in this study may lead to a part of errors occurring to the mixture pixels of the extremely fragmented cropland. Probabilistic methods may alleviate such problems. Secondly, the expanded ROIs for training land cover classification model may have a very small number of wrong samples due to the uncertainty of human judgment and remote sensing data, which may lead to a slight decrease in the accuracy of the model. Thirdly, the lower temporal resolution for Landsat imagery with 8~16 days in cloud and rain-prone southern China still presented uncertainty for our phenology-based land-cover classification algorithm. The composite data of LVP and PVP for different land cover types reflect their vegetation coverage as well as the degree of vegetation change. However, when cultivated or abandoned fields lack Landsat imagery during the LVP (bare soil for a cultivated field and withered vegetation for an abandoned field), they may be misclassified as “Woody vegetation” due to their characteristic of denser vegetation and fewer vegetation changes. To alleviate the errors caused by this type of uncertainty, the annual land cover maps were further corrected based on the long-term corrections algorithm. Fourthly, in a small number of croplands abandoned for a long time, the vegetation has gradually evolved from grass only to shrubs, or even woody vegetation, often leading to misclassification as “Woody vegetation”. Finally, our long-term correction algorithm has a degree of uncertainty. For classification as abandoned cropland, abandonment for ≥2 consecutive years was required, which led to classification uncertainty in the first year of the study period (1989) due to a lack of data prior to that year. To reduce uncertainty, cropland abandonment maps were thus obtained from the fourth year (1992) onward. Similarly, cropland abandoned in the final year (2021) of our study for the first time (“0 1”) could not be classified as such because there was no subsequent abandonment data. This may possibly lead to some underestimation of the area of abandoned cropland and overestimation of the area of cultivated land. Some of the land cover classification error caused by this uncertainty cannot be easily corrected, which will affect the accuracy of cropland abandonment maps.




4.3. Implications of This Study and Future Work


Since the reform and opening up of China, due to rapid economic development, cropland abandonment has occurred to varying degrees across the country. The government has also continuously introduced policies for arable land protection, resulting in differences in the rate of cropland abandonment among areas. Accurate monitoring of the temporal and spatial patterns (and duration) of cropland abandonment is important to ensure food security and a good ecological balance. However, cropland analyses are highly complex because this land use type is affected by both human activity and the natural environment [30]. Furthermore, to meet the demand for development in some areas, and because of the influence of climate change, some cultivated land must have fallow periods, which can lead to misclassification of abandoned cropland.



Overall, the identification of large-scale cropland abandonment in China is important but challenging. The phenological characteristics of land cover types covered with vegetation (including cultivated land, abandoned land, and woody vegetation) differ by latitude and terrain. The classification algorithm introduced in this study is only applicable to southern China, where woody plant cover is relatively stable. Further research is required, including determination of the different phenological characteristics of land cover types among regions; this will enable the application of knowledge-based methods and large-scale remote sensing data. In addition, approaches for mapping cropland abandonment that predict land cover types and correct for errors therein (based on time series data) should be implemented to reduce uncertainty and improve mapping accuracy [23,28,33].





5. Conclusions


Long-term monitoring of cropland abandonment is necessary to determine the drivers of land cover changes, and to achieve a good ecological balance and social stability. Due to the extensive economic development of Guangdong Province in recent decades, land cover has changed substantially. Existing time series-based approaches for monitoring cropland abandonment in southern China face difficulties, such as cloudy and rainy weather and fragmented cropland patterns. We proposed a land cover classification method extracting key phenological characteristics, but not requiring complete time series data; this approach was implemented for cropland abandonment mapping in southern China. Moreover, based on prior knowledge, long-term correction of aspects of cropland abandonment was achieved, including when and where the abandonment began and the annual rate and duration thereof. Our method not only overcomes the difficulty of applying time series methods to cloudy and highly fragmented regions, but also provides detailed spatiotemporal information that could inform ecological protection and food security policies. Our results indicated that the cropland abandonment mapping algorithm was generally reliable, generating accurate maps in most study years. Our method was mainly applied in southern China, where woody vegetation dominates evergreen forests; further research is needed for large-scale mapping of more complex vegetation.







Author Contributions


Conceptualization, L.L. and Y.S.; methodology, L.L. and Y.S.; software, Y.S. and H.X.; validation, S.K., S.W. and G.L.; formal analysis, Y.S., Z.Q. and L.L.; investigation, S.W. and H.X.; resources, Z.Q., G.L. and L.L.; data curation, Y.S. and L.L.; writing—original draft preparation, Y.S.; writing—review and editing, Y.S., L.L., H.X., G.L., S.K., Z.Q. and L.L.; visualization, Y.S.; supervision, Y.S. and L.L.; project administration, L.L. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the National Natural Science Foundation of China (U1901601) and the National Key Research and Development Program of China [grant number 2020YFD1100205, 2020YFD1100203].




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


No applicable.




Acknowledgments


The authors want to thank the editor, associate editor, and anonymous reviewers for their helpful comments and advice.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Pointereau, P.; Coulon, F.; Girard, P.; Lambotte, M.; Stuczynski, T.; Ortega, V.S.; Del Rio, A. Analysis of Farmland Abandonment and the Extent and Location of Agricultural Areas That Are Actually Abandoned or Are in Risk to Be Abandoned; European Commission Joint Research Centre: Brussels, Belgium; Institute for Environment and Sustainability: Ispra, Italy, 2008; Available online: https://publications.jrc.ec.europa.eu/repository/handle/JRC46185 (accessed on 15 July 2008).

	



Yin, H.; Brandão, A., Jr.; Buchner, J.; Helmers, D.; Iuliano, B.G.; Kimambo, N.E.; Lewińska, K.E.; Razenkova, E.; Rizayeva, A.; Rogova, N.; et al. Monitoring cropland abandonment with Landsat time series. Remote Sens. Environ. 2020, 246, 111873. [Google Scholar] [CrossRef]

	



Cramer, A.V.A.; Hobbs, R.J.; Standish, R.J. What’s new about old fields? Land abandonment and ecosystem assembly. Trends Ecol. Evol. 2008, 23, 104–112. [Google Scholar] [CrossRef]

	



Keenleyside, C.; Tucker, G.; McConville, A. Farmland Abandonment in the EU: An Assessment of Trends and Prospects; Institute for European Environmental Policy: London, UK, 2010. [Google Scholar]

	



Li, S.; Li, X.; Sun, L.; Cao, G.; Fischer, G.; Tramberend, S. An estimation of the extent of cropland abandonment in mountainous regions of China. Land Degrad. Dev. 2018, 29, 1327–1342. [Google Scholar] [CrossRef]

	



Baldock, D. Farming at the Margins; IEEP and LEI-DLO: Brussels, Belgium, 1996. [Google Scholar]

	



Meyfroidt, P.; Schierhorn, F.; Prishchepov, A.V.; Müller, D.; Kuemmerle, T. Drivers, constraints and trade-offs associated with recultivating abandoned cropland in Russia, Ukraine and Kazakhstan. Glob. Environ. Chang. Hum. Policy Dimens. 2016, 37, 1–15. [Google Scholar] [CrossRef]

	



Mather, A. Deforestation to Reforestation in Europe. Agric. Technol. Trop. Defor. 2001, 49. [Google Scholar] [CrossRef]

	



Brown, D.G.; Johnson, K.M.; Loveland, T.R.; Theobald, D.M. Rural land-use trends in the conterminous United States, 1950–2000. Ecol. Appl. 2005, 15, 1851–1863. [Google Scholar] [CrossRef]

	



Ustaoglu, E.; Collier, M. Farmland abandonment in Europe: An overview of drivers, consequences, and assessment of the sustainability implications. Environ. Rev. 2018, 26, 396–416. [Google Scholar] [CrossRef]

	



Liu, C.; Li, X. Regional disparity in the changes of agricultural land use intensity in China during 1980–2002. J. Geogr. Sci. 2006, 16, 286–292. [Google Scholar] [CrossRef]

	



Wang, C.; Gao, Q.; Wang, X.; Yu, M. Decadal Trend in Agricultural Abandonment and Woodland Expansion in an Agro-Pastoral Transition Band in Northern China. PLoS ONE 2015, 10, e0142113. [Google Scholar] [CrossRef]

	



Kurganova, I.; De Gerenyu, V.L.; Six, J.; Kuzyakov, Y. Carbon cost of collective farming collapse in Russia. Glob. Chang. Biol. 2014, 20, 938–947. [Google Scholar] [CrossRef]

	



Brinkert, A.; Hölzel, N.; Sidorova, T.V.; Kamp, J. Spontaneous steppe restoration on abandoned cropland in Kazakhstan: Grazing affects successional pathways. Biodivers. Conserv. 2016, 25, 2543–2561. [Google Scholar] [CrossRef]

	



Isbell, F.; Tilman, D.; Reich, P.B.; Clark, A.T. Deficits of biodiversity and productivity linger a century after agricultural abandonment. Nat. Ecol. Evol. 2019, 3, 1533–1538. [Google Scholar] [CrossRef] [PubMed]

	



Wertebach, T.; Hölzel, N.; Kämpf, I.; Yurtaev, A.; Tupitsin, S.; Kiehl, K.; Kamp, J.; Kleinebecker, T. Soil carbon sequestration due to post-Soviet cropland abandonment: Estimates from a large-scale soil organic carbon field inventory. Glob. Chang. Biol. 2017, 23, 3729–3741. [Google Scholar] [CrossRef]

	



Baba, Y.G.; Tanaka, K.; Kusumoto, Y. Changes in spider diversity and community structure along abandonment and vegetation succession in rice paddy ecosystems. Ecol. Eng. 2019, 127, 235–244. [Google Scholar] [CrossRef]

	



Cerdà, A.; Ackermann, O.; Terol, E.; Rodrigo-Comino, J. Impact of farmland abandonment on water resources and soil conservation in citrus plantations in eastern Spain. Water 2019, 11, 824. [Google Scholar] [CrossRef]

	



Li, S.; Li, X. Global understanding of farmland abandonment: A review and prospects. J. Geogr. Sci. 2017, 27, 1123–1150. [Google Scholar] [CrossRef]

	



Weiss, M.; Jacob, F.; Duveiller, G. Remote sensing for agricultural applications: A meta-review. Remote Sens. Environ. 2020, 236, 111402. [Google Scholar] [CrossRef]

	



Li, L.; Pan, Y.; Zheng, R.; Liu, X. Understanding the spatiotemporal patterns of seasonal, annual, and consecutive farmland abandonment in China with time-series MODIS images during the period 2005–2019. Land Degrad. Dev. 2022, 33, 1608–1625. [Google Scholar] [CrossRef]

	



Liang, X.; Li, Y.; Zhou, Y. Study on the abandonment of sloping farmland in Fengjie County, Three Gorges Reservoir Area, a mountainous area in China. Land Use Policy 2020, 97, 104760. [Google Scholar] [CrossRef]

	



Dara, A.; Baumann, M.; Kuemmerle, T.; Pflugmacher, D.; Rabe, A.; Griffiths, P.; Hölzel, N.; Kamp, J.; Freitag, M.; Hostert, P. Mapping the timing of cropland abandonment and recultivation in northern Kazakhstan using annual Landsat time series. Remote Sens. Environ. 2018, 213, 49–60. [Google Scholar] [CrossRef]

	



Tong, X.; Brandt, M.; Hiernaux, P.; Herrmann, S.; Rasmussen, L.V.; Rasmussen, K.; Tian, F.; Tagesson, T.; Zhang, W.; Fensholt, R. The forgotten land use class: Mapping of fallow fields across the Sahel using Sentinel-2. Remote Sens. Environ. 2020, 239, 111598. [Google Scholar] [CrossRef]

	



Löw, F.; Prishchepov, A.V.; Waldner, F.; Dubovyk, O.; Akramkhanov, A.; Biradar, C.; Lamers, J.P.A. Mapping Cropland Abandonment in the Aral Sea Basin with MODIS Time Series. Remote Sens. 2018, 10, 159. [Google Scholar] [CrossRef]

	



Kuemmerle, T.; Hostert, P.; Radeloff, V.C.; van der Linden, S.; Perzanowski, K.; Kruhlov, I. Cross-border comparison of post-socialist farmland abandonment in the Carpathians. Ecosystems 2008, 11, 614–628. [Google Scholar] [CrossRef]

	



Alcantara, C.; Kuemmerle, T.; Baumann, M.; Bragina, E.V.; Griffiths, P.; Hostert, P.; Knorn, J.; Müller, D.; Prishchepov, A.; Schierhorn, F.; et al. Mapping the extent of abandoned farmland in Central and Eastern Europe using MODIS time series satellite data. Environ. Res. Lett. 2013, 8, 035035. [Google Scholar] [CrossRef]

	



Yin, H.; Pflugmacher, D.; Kennedy, R.E.; Sulla-Menashe, D.; Hostert, P. Mapping Annual Land Use and Land Cover Changes Using MODIS Time Series. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2014, 7, 3421–3427. [Google Scholar] [CrossRef]

	



Estel, S.; Kuemmerle, T.; Alcántara, C.; Levers, C.; Prishchepov, A.; Hostert, P. Mapping farmland abandonment and recultivation across Europe using MODIS NDVI time series. Remote Sens. Environ. 2015, 163, 312–325. [Google Scholar] [CrossRef]

	



Liu, L.; Xiao, X.; Qin, Y.; Wang, J.; Xu, X.; Hu, Y.; Qiao, Z. Mapping cropping intensity in China using time series Landsat and Sentinel-2 images and Google Earth Engine. Remote Sens. Environ. 2020, 239, 111624. [Google Scholar] [CrossRef]

	



Defourny, P.; Bontemps, S.; Bellemans, N.; Cara, C.; Dedieu, G.; Guzzonato, E.; Hagolle, O.; Inglada, J.; Nicola, L.; Rabaute, T.; et al. Near real-time agriculture monitoring at national scale at parcel resolution: Performance assessment of the Sen2-Agri automated system in various cropping systems around the world. Remote Sens. Environ. 2019, 221, 551–568. [Google Scholar] [CrossRef]

	



Thenkabail, P.S.; Knox, J.W.; Ozdogan, M.; Gumma, M.K.; Congalton, R.G.; Wu, Z.T.; Milesi, C.; Finkral, A.; Marshall, M.; Mariotto, I.; et al. Assessing future risks to agricultural productivity, water resources and food security: How can remote sensing help? Photogramm. Eng. Remote Sens. 2012, 78, 773–782. [Google Scholar]

	



Yin, H.; Pflugmacher, D.; Li, A.; Li, Z.; Hostert, P. Land use and land cover change in Inner Mongolia—Understanding the effects of China’s re-vegetation programs. Remote Sens. Environ. 2018, 204, 918–930. [Google Scholar] [CrossRef]

	



Vogelmann, J.; Tolk, B.; Zhu, Z. Monitoring forest changes in the southwestern United States using multitemporal Landsat data. Remote Sens. Environ. 2009, 113, 1739–1748. [Google Scholar] [CrossRef]

	



Zhu, Z. Change detection using landsat time series: A review of frequencies, preprocessing, algorithms, and applications. ISPRS J. Photogramm. Remote Sens. 2017, 130, 370–384. [Google Scholar] [CrossRef]

	



Xu, H.; Xiao, X.; Qin, Y.; Qiao, Z.; Long, S.; Tang, X.; Liu, L. Annual Maps of Built-Up Land in Guangdong from 1991 to 2020 Based on Landsat Images, Phenology, Deep Learning Algorithms, and Google Earth Engine. Remote Sens. 2022, 14, 3562. [Google Scholar] [CrossRef]

	



Zhu, Z.; Woodcock, C.E. Object-based cloud and cloud shadow detection in Landsat imagery. Remote Sens. Environ. 2012, 118, 83–94. [Google Scholar] [CrossRef]

	



Forkel, M.; Wutzler, T. Greenbrown—Land Surface Phenology and Trend Analysis. A Package for the R Software Version. 2015; Volume 2, p. 15. Available online: http://greenbrown.r-forge.r-project.org/ (accessed on 17 November 2016).

	



Kennedy, R.E.; Yang, Z.; Cohen, W.B. Detecting trends in forest disturbance and recovery using yearly Landsat time series: 1. LandTrendr—Temporal segmentation algorithms. Remote Sens. Environ. 2010, 114, 2897–2910. [Google Scholar] [CrossRef]

	



Verbesselt, J.; Hyndman, R.; Zeileis, A.; Culvenor, D. Phenological change detection while accounting for abrupt and gradual trends in satellite image time series. Remote Sens. Environ. 2010, 114, 2970–2980. [Google Scholar] [CrossRef]

	



Zhu, X.; Xiao, G.; Zhang, D.; Guo, L. Mapping abandoned farmland in China using time series MODIS NDVI. Sci. Total Environ. 2021, 755, 142651. [Google Scholar] [CrossRef]

	



Scaramuzza, P.; Barsi, J. Landsat 7 scan line corrector-off gap-filled product development. In Proceedings of the Pecora, Sioux Falls, SD, USA, 23–27 October 2005; pp. 23–27. [Google Scholar]

	



Foga, S.; Scaramuzza, P.L.; Guo, S.; Zhu, Z.; Dilley, R.D.; Beckmann, T.; Schmidt, G.L.; Dwyer, J.L.; Hughes, M.J.; Laue, B. Cloud detection algorithm comparison and validation for operational Landsat data products. Remote Sens. Environ. 2017, 194, 379–390. [Google Scholar] [CrossRef]

	



Tucker, C.J. Red and photographic infrared linear combinations for monitoring vegetation. Remote Sens. Environ. 1979, 8, 127–150. [Google Scholar] [CrossRef]

	



Deng, Y.; Wu, C.; Li, M.; Chen, R. RNDSI: A ratio normalized difference soil index for remote sensing of urban/suburban environments. Int. J. Appl. Earth Obs. Geoinf. 2015, 39, 40–48. [Google Scholar] [CrossRef]

	



Forkuor, G.; Dimobe, K.; Serme, I.; Tondoh, J.E. Landsat-8 vs. Sentinel-2: Examining the added value of sentinel-2’s red-edge bands to land-use and land-cover mapping in Burkina Faso. GISci. Remote Sens. 2018, 55, 331–354. [Google Scholar] [CrossRef]

	



Houborg, R.; McCabe, M.F. A hybrid training approach for leaf area index estimation via Cubist and random forests machine-learning. ISPRS J. Photogramm. Remote Sens. 2018, 135, 173–188. [Google Scholar] [CrossRef]

	



Lillesaeter, O. Spectral reflectance of partly transmitting leaves: Laboratory measurements and mathematical modeling. Remote Sens. Environ. 1982, 12, 247–254. [Google Scholar] [CrossRef]

	



Huete, A.R.; Liu, H.Q.; Batchily, K.V.; van Leeuwen, W. A comparison of vegetation indices over a global set of TM images for EOS-MODIS. Remote Sens. Environ. 1997, 59, 440–451. [Google Scholar] [CrossRef]

	



Chandrasekar, K.; Sesha Sai, M.V.R.; Roy, P.S.; Dwevedi, R.S. Land Surface Water Index (LSWI) response to rainfall and NDVI using the MODIS Vegetation Index product. Int. J. Remote Sens. 2010, 31, 3987–4005. [Google Scholar] [CrossRef]

	



Breiman, L. Random forests. Mach. Learn. 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Gebeyehu, D.T.; East, L.; Wark, S.; Islam, S. Impact of COVID-19 on the food security and identifying the compromised food security dimension: A systematic review protocol. PLoS ONE 2022, 17, e0272859. [Google Scholar] [CrossRef]

	



Zhang, Y.; Li, X.; Song, W. Determinants of cropland abandonment at the parcel, household and village levels in mountain areas of China: A multi-level analysis. Land Use Policy 2014, 41, 186–192. [Google Scholar] [CrossRef]








[image: Remotesensing 15 00669 g001 550] 





Figure 1. Study area and its location in Mainland China. 
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Figure 2. Statistics on yearly of availability Landsat imagery with number of scenes (a) and number of good-quality observations of Landsat by latitude (b) from 1989 to 2021. Number of good-quality observations of Landsat for Guangdong Province in 2009 (c) and 2019 (d). 
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Figure 3. Developing basic, logic, and details of five land covers ROIs. 
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Figure 4. Number (a) and distribution (b) of five land cover types ROIs in 2009 and 2019 for model training and verifying. 
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Figure 5. Workflow of monitoring cropland abandonment in Guangdong province from 1992 to 2020. 
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Figure 6. Spectral indices (NDVI and NDSI) temporal profiles for “Uncultivated field” (a), “Cultivated field” (b), “Woody vegetation” (c), “Water” (d) and “Other land cover” (e). 
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Figure 7. Selected sensor bands temporal profiles of different land covers (uncultivated filed, cultivated filed, woody vegetation, water, and other land-cover), including blue band (a), green band (b), red band (c), NIR band (d) and SWIR band (e); and selected spectral indices temporal profiles of different land covers, including NDVI (f), EVI (g), LSWI (h), and NDSI (i); selected features of NDVI_diff (j) and EVI_diff (k) were the annual difference in NDVI and EVI, respectively. 






Figure 7. Selected sensor bands temporal profiles of different land covers (uncultivated filed, cultivated filed, woody vegetation, water, and other land-cover), including blue band (a), green band (b), red band (c), NIR band (d) and SWIR band (e); and selected spectral indices temporal profiles of different land covers, including NDVI (f), EVI (g), LSWI (h), and NDSI (i); selected features of NDVI_diff (j) and EVI_diff (k) were the annual difference in NDVI and EVI, respectively.



[image: Remotesensing 15 00669 g007]







[image: Remotesensing 15 00669 g008 550] 





Figure 8. Model architectures of random forest classifier adopted in this study. 
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Figure 9. Time-series land covers correcting and cropland abandonment mapping steps for multi-year periods. 
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Figure 10. Example of random ground reference points distribution in Guangdong for the validation of annual cropland abandonment map in 2020. 
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Figure 11. Example of verification process for annual cropland abandonment map in 1995. 
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Figure 12. Annual cropland abandonment maps of Guangdong in 1995 (a), 2000 (b), 2005 (c), 2010 (d), 2015 (e), and 2020 (f). 
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Figure 13. Examples of cropland abandonment maps in the plain areas (a1,a2): [110.5304, 21.3454], region with high economic development (b1,b2): [113.4498, 22.6648] and mountains region (c1,c2): [115.5726, 24.3719] in 1995, 2000, 2005, 2010, 2015, and 2020. 
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Figure 14. Temporal trends from 1992 to 2020 based on annual abandonment area, cultivated area, and abandonment rate. 
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Figure 15. Temporal profile of NDVI for cultivated land without cloudless Landsat data during 2019 and 2020 (location: [109.7943, 20.8271]). 
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Figure 16. Area of different durations of cropland abandonment up to each year from 1992 to 2020. 
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Table 1. The number of random ground reference data of Abandoned Cropland (AC), Cultivated Cropland (CC) and Other Land-Covers (OLC) for study areas in 1995, 2000, 2005, 2010, 2015 and 2020.
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	Land Cover Types
	1995
	2000
	2005
	2010
	2015
	2020





	AC
	75
	75
	75
	75
	75
	75



	CC
	99
	102
	104
	75
	75
	75



	OLC
	363
	357
	356
	399
	395
	388



	Total
	573
	563
	568
	549
	545
	538
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Table 2. Accuracy assessment of annual land cover classification model based on field surveys data.
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Land Cover Types

	
Field Surveys Data

	
User’s

Accuracy

	
Producer’sAccuracy




	
Uncultivated Field

	
Cultivated Field

	
Woody Vegetation

	
Water

	
Other

Land-Cover

	
Total






	
Map

	
Uncultivated field

	
23

	
1

	
3

	
0

	
2

	
29

	
0.79

	
0.77




	
Cultivated field

	
3

	
27

	
1

	
0

	
1

	
32

	
0.84

	
0.90




	
Woody vegetation

	
4

	
2

	
26

	
0

	
0

	
32

	
0.81

	
0.87




	
Water

	
0

	
0

	
0

	
28

	
1

	
29

	
0.97

	
0.93




	
Other land-cover

	
0

	
0

	
0

	
2

	
26

	
28

	
0.93

	
0.87




	
Total

	
30

	
30

	
30

	
30

	
30

	
150

	
OA = 0.87
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Table 3. Accuracy assessment of the cropland abandonment maps for study area in 1995, 2000, 2005, 2010, 2015, and 2020 based on random ground reference data.
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Year

	
Land Cover Types

	
Reference

	
User’s

	
Producer’s




	
AC

	
CC

	
OLC

	
Total

	
Accuracy

	
Accuracy






	
1995

	
Map

	
AC

	
56

	
4

	
15

	
75

	
0.75

	
0.90




	
CC

	
3

	
85

	
11

	
99

	
0.86

	
0.90




	
OLC

	
3

	
5

	
355

	
363

	
0.98

	
0.93




	
Total

	
62

	
94

	
381

	
537

	
OA = 0.92

	
Kappa = 0.85




	
2000

	
Map

	
AC

	
55

	
2

	
18

	
75

	
0.73

	
0.92




	
CC

	
2

	
90

	
10

	
102

	
0.88

	
0.96




	
OLC

	
3

	
2

	
352

	
357

	
0.99

	
0.93




	
Total

	
60

	
94

	
380

	
534

	
OA = 0.93

	
Kappa = 0.88




	
2005

	
Map

	
AC

	
60

	
4

	
11

	
60

	
0.80

	
0.91




	
CC

	
3

	
90

	
11

	
3

	
0.87

	
0.89




	
OLC

	
3

	
7

	
346

	
3

	
0.97

	
0.94




	
Total

	
66

	
101

	
368

	
66

	
OA = 0.93

	
Kappa = 0.85




	
2010

	
Map

	
AC

	
55

	
2

	
18

	
75

	
0.73

	
0.93




	
CC

	
1

	
62

	
12

	
75

	
0.83

	
0.86




	
OLC

	
3

	
8

	
388

	
399

	
0.97

	
0.93




	
Total

	
59

	
72

	
418

	
549

	
OA = 0.92

	
Kappa = 0.81




	
2015

	
Map

	
AC

	
65

	
0

	
10

	
75

	
0.87

	
0.96




	
CC

	
3

	
64

	
8

	
75

	
0.85

	
0.94




	
OLC

	
0

	
4

	
391

	
395

	
0.99

	
0.95




	
Total

	
68

	
68

	
409

	
545

	
OA = 0.95

	
Kappa = 0.88




	
2020

	
Map

	
AC

	
63

	
3

	
9

	
75

	
0.84

	
0.90




	
CC

	
4

	
63

	
8

	
75

	
0.84

	
0.85




	
OLC

	
3

	
8

	
377

	
388

	
0.97

	
0.96




	
Total

	
70

	
74

	
394

	
538

	
OA = 0.93

	
Kappa = 0.82
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