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Cropland monitoring is a crucial component for a broad user community from Land Use and Land 
Cover Change study to food security policy making. Faced with the rich natural ecological environment 
and variable agricultural production conditions of Mid-Spine Belt of Beautiful China (MSBBC), this 
study developed a novel operational assessment framework that combined the near real-time land 
cover mapping platform (i.e., FROM-GLC Plus), the FAO Agricultural Stress Index System, and the land 
degradation monitoring method suggested by United Nations Convention to Combat Desertification for 
the timely monitoring of cropland extent change, cropland conditions, and cropland degradation. With 
integrated monitoring system, this framework can provide convenient access to high-spatiotemporal- 
resolution cropland maps (30 m, dekadal) and instant (near real time) cropland dynamics. According 
to the monitoring results, we found that the abnormally high temperatures of summer 2022 adversely 
affected crop health in the southwest of MSBBC. Besides, our results suggested that China’s ecological 
restoration projects made remarkable achievement in MSBBC. The productivity of more than 70% of 
cropland in MSBBC has improved, and only ~6% cropland (~3.69 × 104 km2) has degraded since 2000, 
mainly distributed in cropland with steep slope, insufficient precipitation, and intensive use. Site-specific 
measures, such as conservation tillage, improved tillage systems, and cropland ecological projects, should 
be adopted for sustainable cropland use and further increase in land carrying capacity of MSBBC to 
achieve balanced east-west development in China.

Introduction
Over the last decades, the global increasing population has 
added the pressure on food supplies and cropland resources 
[1–3]. As cropland declines and degrades, especially in eco-
logically fragile areas such as farming-pastoral ecotone, this 
pressure is further exacerbated [4–7]. Besides, frequent climatic 
anomalies in recent years, such as high temperatures, require 

a near real-time grasp of cropland conditions for timely inter-
ventions and policy adjustments [8–10]. Therefore, precise and 
timely monitoring of cropland dynamics is crucial for world’s 
food security research, water management, agricultural plan-
ning, and sustainable development [11–16].

Based on its geographical background of China's crop- 
pasture band, the Mid-Spine Belt of Beautiful China (MSBBC) 
serves as an important agricultural space and ecological security 
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barrier, which blocks the continuation of desertification to the 
south and protects a large area of cropland in the major agri-
cultural areas of eastern China [17–19]. Due to water overex-
ploitation and agriculture–animal husbandry imbalance, resources 
and environmental pressures have been increasing in MSBBC 
for a long time [20,21]. Ecological and environmental prob-
lems such as land desertification and soil erosion caused by 
natural and man-made factors have led to a decline in soil 
fertility and food production, a high incidence of cropland 
abandonment, and an increase in the conflict between people 
and land [7,22]. Therefore, obtaining reliable and timely crop-
land monitoring data of MSBBC is important for sustainable 
cropland use, synergistic development of agriculture and pas-
toralism, and achieving balanced east-west development in 
China.

Thanks to the immediacy and objectivity of remote sensing 
technology, as well as the public access to Landsat imagery, cropland 
dynamic monitoring results can now be obtained economically 
and efficiently on a large scale, giving rise to the emergence of crop-
land monitoring projects, such as Crop Explorer, CropWatch, 
Global Agriculture Monitoring, Monitoring Agricultural Resources, 
Famine Early Warning Systems Network, and Global Information 
and Early Warning System [23–29]. These projects are critical to 
offering timely and reliable information on cropland distribution, 
cropland conditions. Taking advantage of multisource remote sens-
ing datasets and solid field works, these projects demonstrate strong 
strengths in continuous monitoring and production forecasting, 
which contributes to the agricultural monitoring and food security 
ensuring [30,31]. However, the disadvantages of these projects are 
also noteworthy. The currently available cropland products absence 
of precise spatial location of the cropped areas due to the hysteresis 
and the coarse resolution nature of the map products with substan-
tial uncertainties in areas, locations, and detail [32,33]. In addition, 
the monitoring of cropland conditions is developed based on the 
vegetation indexes and weather dynamics collected from remote 
sensing images, lacking the consideration of integrated indicators 
such as drought intensity and agricultural stress. Furthermore, 
monitoring of cropland degradation is not included in these pro-
jects, let alone near real-time monitoring for the purpose of early 
warning.

Precise and timely cropland maps are the basis of the crop-
land monitoring. Although remote sensing data used for Earth 
observation are now available quickly and easily, near real-time 
high-spatial- and temporal-resolution land cover mapping is 
still challenging because of the uneven spatiotemporal distri-
bution of data and time-consuming training sample collection 
[34,35]. In parallel with Sentinel 2 images, Google Dynamic 
World developed an automated framework to provide land 
cover predictions in near real time [36]. The single-date clas-
sification fashion of Google Dynamic World allows the 
extremely up-to-date land cover map globally but also leads 
to spatiotemporal discontinuities in the classification results. 
Besides, due to the use of Sentinel 2 imagery, this land cover 
dataset is not available prior to 2015. Based on Finer Resolution 
Observation and Monitoring–Global Land Cover (FROM-GLC) 
[37] and Google Earth Engine (GEE) [38], FROM-GLC Plus is 
another automated framework developed for near real-time 
land cover mapping [34]. Using multiseason sample migration, 
multisource data time series reconstruction, and machine 
learning, FROM-GLC Plus can produce historically compara-
ble and near real-time land cover maps, enabling the cropland 
dynamics monitoring in this paper.

Cropland condition monitoring is a vital function of agri-
cultural monitoring projects. As mentioned before, the indica-
tors typically used are vegetation indexes and weather dynamics 
derived from remote sensing imagery (e.g., CropExplorer and 
Global Agriculture Monitoring). To provide alternative meas-
ures of crop health and growing conditions, the Food and 
Agriculture Organization of the United Nations (FAO) devel-
oped the Agricultural Stress Index System (ASIS) using com-
posite indexes obtained from traditional vegetation index of 
NDVI and temperature over the crop growing season [39]. 
These indexes can offer a more comprehensive perspective for 
the drought degrees and agricultural stress with a 10-d (deka-
dal) update frequency and are thus included in the monitoring 
framework developed in this paper.

Another important but long neglected indicator is the mon-
itoring of cropland degradation. For ecologically fragile areas, 
such as crop–pasture band and semiarid areas, cropland deg-
radation is a common consequence of topography, climate and 
land use policies [40,41]. Faced with land degradation, one of 
the most serious global environmental problems, the United 
Nations General Assembly adopted the "Transforming Our 
World: The 2030 Agenda for Sustainable Development" in 
September 2015, clearly stating that achieving a world with 
zero land degradation is one of the important goals of the 
Sustainable Development Goals (SDGs) [42]. To achieve this 
goal, the United Nations Convention to Combat Desertification 
(UNCCD) proposed and improved a set of implementable land 
degradation monitoring methods in 2017 and 2021, respec-
tively. These methods are specifically designed to quantify the 
SDG indicator 15.3.1 (Proportion of land that is degraded over 
total land area). This indicator was elevated to Tier 1 in 2019, 
allowing it to be quantified using the UNCCD monitoring 
methods on a global scale. Recently, the methods have been 
successfully applied to arid and semiarid regions, such as Inner 
Mongolia, China [43], Tanzania [44], and globally [45], pro-
viding valuable insights and estimation bases for near real-time 
monitoring of cropland degradation within our operational 
assessment framework [46,47].

In this paper, we developed a novel and comprehensive 
operational assessment framework for cropland dynamic mon-
itoring in MSBBC that integrates multiple technologies, includ-
ing the near real-time land cover mapping platform FROM-GLC 
Plus, the FAO ASIS, and the land degradation monitoring 
method suggested by UNCCD. By synergistically utilizing these 
methods, we are able to achieve a higher spatiotemporal reso-
lution and timeliness in monitoring cropland extent change, 
cropland conditions, and cropland degradation while also 
enhancing the overall comprehensiveness of cropland moni-
toring indicators. This framework represents a step forward 
in improving the ability to monitor and manage cropland 
resources in a more sustainable manner. Additionally, we ana-
lyzed the current cropland change and degradation and further 
discussed potential measures for sustainable cropland use in 
the MSBBC.

Materials and Methods

Study area
The study area of MSBBC is proposed to analyze the possible future 
change of Hu Line and promote the balanced development of the 
east and west of China (Fig. 1). The Hu Line is a boundary marking 
Chinese population density differences which was proposed in 
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1935 based on the county-level populations [48]. This line ran from 
Aihui, Heilongjiang Province to Tengchong, Yunnan Province, 
reflecting the spatial differences in natural environment and socio-
economic development in China [19]. MSBBC is divided into a 
northeast section, a middle section, and a southwest section, based 
on aspects of nature, society, economy, and culture.

MSBBC covers an area of about 240 km2, which is about a quar-
ter of China's land area. It spans different natural zones and has a 
rich diversity of natural ecosystems, including boreal and temperate 
high montane forests and woodland, temperate subhumid grass-
lands, semidesert steppes, etc., according to the International Union 
for Conservation of Nature Global Ecosystem Typology [49]. The 
topography of the region varies dramatically, with an overall trend 
of gradually increasing elevation from the northeast to the south-
west, crossing the Northeast Plain, Inner Mongolia Plateau, Loess 
Plateau, Sichuan Basin, Qinghai-Tibet Plateau, and Yunnan-
Guizhou Plateau. Since most of the MSBBC is located in the 
farming- pastoral ecotone of China, its agricultural structure shows 
a mixture of animal husbandry and plantation. However, the dete-
riorating ecological environment and sloppy management practices 
have led to the abandonment, sanding, and degradation of a large 
amount of cropland in MSBBC [50–52], making it imperative 
to understand the cropland dynamics for sustainable agriculture.

Data
In order to develop the assessment framework for near real-time 
cropland dynamics, a wide range of data sources were integrated, 

including multisource satellite imagery, key indicators sourced 
from the Food and Agriculture Organization of the United 
Nations Agricultural Stress Index System (FAO ASIS), as well as 
other auxiliary datasets (Table 1). To overcome the challenge of 
data scale mismatch arising from varying spatial resolutions of 
the datasets, all the imagery used in the analysis was subject to 
resizing and reprojection, with a bicubic interpolation algorithm 
used to ensure consistent spatial resolution at 30 m.

Satellite imagery
Satellite imagery from Landsat and Moderate Resolution Imaging 
Spectroradiometer (MODIS) was used for land cover classifica-
tion, cropland conditions, and degradation monitoring in this 
study. For Landsat imagery, this study used Landsat Tier 1 surface 
reflectance images available in GEE, including imagery from the 
Landsat Thematic Mapper (TM), Enhanced Thematic Mapper 
Plus (ETM+), and Operational Land Imager (OLI) sensors of 
2000, 2015, and 2022. As for MODIS imagery, the 500-m MODIS 
MCD43A4 Version 6 NBAR product is used for land cover map-
ping to fill in Landsat time series gaps. The 500-m MODIS prod-
ucts, including MOD17A2H Terra Gross Primary Productivity 
(GPP) and MOD13A1 Terra Vegetation Indices, are used for 
cropland condition monitoring and degradation monitoring.

Indicators in FAO ASIS
The ASIS is an agricultural monitoring system developed by 
the FAO, using Advanced Very High Resolution Radiometer 

Fig. 1. The study area of MSBBC. (The 2021 land cover map of China is from FROM-GLC Plus [34].)
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imagery at 1-km resolution. The FAO ASIS provides near real-
time global agricultural monitoring datasets updated every 10 d, 
including Agricultural Stress Index (ASI), Drought Intensity (DI), 
Mean Vegetation Health Index (MVHI), Vegetation Condition 
Index, and Vegetation Health Index (VHI). The ASIS datasets 
can be publicly accessed by Web Map Service and GEE.

Auxiliary data
In addition to FAO ASIS datasets and satellite imagery from 
Landsat and MODIS, the cropland condition and degradation 
monitoring in this study also rely on some ancillary datasets 
including Global Satellite Mapping of Precipitation (GSMaP) 
product [53], the Harmonized World Soil Database (HWSD) 
[54], RESOLVE Ecoregions dataset [55].

Based on the global land cover change near real-time mon-
itoring platform (i.e., FROM-GLC Plus) [34], FAO ASIS [39], 
and the land degradation monitoring method suggested by 
UNCCD [46,47], this study intends to carry out 10-d updated 
near real-time monitoring of cropland extent change and crop 
conditions and to conduct near real-time monitoring of crop-
land degradation based on 3 aspects: land cover, cropland pro-
ductivity, and soil organic carbon (Fig. 2).

Near real-time land cover mapping and cropland 
extent change monitoring with FROM-GLC Plus
Near real-time land cover maps can be used to provide imme-
diate distribution of cropland extent in the study area. Meanwhile, 
combined with the historical land cover mapping results, cur-
rent cropland degradation can be further analyzed and quanti-
fied. In this study, historical and near real-time land cover maps 
were developed with FROM-GLC Plus [34]. Taking advantage 
of multisource data fusion, multiseason sample migration 
and machine learning, FROM-GLC Plus is developed with the 
aim to provide a framework for capturing land cover maps in 
near real-time at multitemporal (annual to daily) and multires-
olution (30 m to submeter) levels. Considering the sparsity of 
valid Landsat time series, MCD43A4 images were used to recon-
struct the spectral time series with spatiotemporal fusion methods 

developed by FROM-GLC Plus. For the land cover mapping 
in this study, 11 spectral bands of March to October were used, 
including Blue, Green, Red, Near Infrared (NIR), Shortwave 
Infrared 1 (SWIR1), Shortwave Infrared 2 (SWIR2), NDVI, 
EVI, Normalized Burn Ratio (NBR), Normalized Difference 
Built-up Index (NDBI), and Modified Normalized Difference 

Table 1. The usage and details of multisource datasets used in 
this study.

No. Name
Spatial 
resolution

Temporal 
resolution

Usage in 
this study

1. Landsat 
TM/ETM+/
OLI

30 m 16 d Land cover 
mapping

2. MCD43A4 500 m Daily

3. MOD17A2H 500 m 8 d Cropland 
condition 
monitoring

4. FAO ASIS 1 km 10 d

5. GSMaP 0.1 degree Hourly

6. MOD13A1 500 m 16 d Cropland 
condition 
and 
degrada-
tion 
monitoring

7. HWSD 30 
arc-second

- Cropland 
degradation 
monitoring8. RESOLVE 

Ecoregions
Vector 
dataset

-

FAO ASIS, Food and Agriculture Organization of the United Nations Ag-
ricultural Stress Index System; GSMaP, Global Satellite Mapping of Pre-
cipitation; HWSD, Harmonized World Soil Database.

Fig. 2. Workflow for near real-time cropland dynamics monitoring. D
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Water Index (MNDWI). The feature space for land cover map-
ping was then developed using the per-pixel maximum, mean, 
standard deviation, and 10, 20, 30, 40, 50, 60, 70, 80, 90 per-
centiles of each band. Furthermore, sample migration is realize 
using feature space similarity and difference measures based 
on the first all-season sample set (FAST) collected in 2015 [34]. 
Finally, land cover maps of 2000, 2015, and near real time (2022 
August 20 and can be updated dekadally) in the study area 
with 30-m resolution can be obtained using Random Forest.

Near real-time cropland condition monitoring with 
MODIS and FAO ASIS
In order to realize fast and near real-time monitoring, the crop-
land condition monitoring in this study is developed based on 
index anomaly method. Specifically, the monitoring indexes 
are shown in Table 2, including GPP, Normalized Difference 
Vegetation Index (NDVI), Precipitation (PR), ASI, DI, MVHI, 
and VHI. Cropland conditions can be rapidly and automati-
cally assessed by comparing monitoring indexes of current and 
previous years. For a given monitoring period, assume that 
Indexavg and Indexstd are the average and standard deviation 
of the monitoring index over the previous 5 years, Indextarget 
is the monitoring index value of the target period. Taking GPP 
as an example, if Indextarget > Indexavg + Indexstd, the condition 
is defined as “Better”; if Indextarget < Indexavg − Indexstd, the con-
dition is defined as “Worse”; if Indextarget ≥ Indexavg − Indexstd 
and Indextarget ≤ Indexavg + Indexstd, the condition is defined as 
“Similar”. By providing the monitoring results obtained from 
each monitoring index, the growing environment (such as PR) 
and crop conditions (such as VHI) can be obtained.

Near real-time cropland degradation monitoring
Based on the near real-time land cover maps and cropland 
conditions monitoring results, the cropland degradation mon-
itoring followed the framework proposed by UNCCD [46,47]. 
The assessment of cropland degradation was conducted sep-
arately with 3 subindicators of land cover, land productivity, 
and soil organic carbon, and the results are integrated to 
obtain the final monitoring result using a one-out-all-out 
(1OAO) method with 10-d update frequency, in which land 

degradation is determined when any of the 3 subindicators 
shows degradation (Fig. 3).

Subindicator: Land cover
For the land cover subindicator, cropland degradation moni-
toring was mainly implemented based on the land cover tran-
sition matrix. The dekadally updated land cover maps used 
for this subindicator were obtained using FROM-GLC Plus 
introduced in "Near real-time land cover mapping and crop-
land extent change monitoring with FROM-GLC Plus". Firstly, 
the classification system of FROM-GLC should be harmonized 
to Intergovernmental Panel on Climate Change (IPCC) classes 
(Table 3). Secondly, the land cover transition matrix is gener-
ated according to the UNCCD framework and ecological 
engineering (i.e., returning cropland to forest/grassland) in the 
study area (Table 4). Thirdly, the cropland degradation extent 
of baseline period (2000 to 2015) and target period (2015 
to near real time) was obtained using the transition matrix. 
Finally, the cropland degradation assessment result of the target 
period was developed based on the cropland degradation extent 
of the 2 periods. Specifically, if “degradation” or “improvement” 
in the target period, then it would be considered as “degrada-
tion” or “improvement”; if “stable” in the target period, “deg-
radation”, “improvement” or “stable” would be determined by 
the status in the baseline period.

Subindicator: Cropland productivity
The cropland productivity degradation was performed from 3 
aspects: Trend, State, and Performance. The index used to indi-
cate the productivity of cropland in this study was NDVI which 
can be obtained from the 500-m and 16-d updated MOD13A1 
imagery during 2000 to 2022. Specifically, the NDVI time 
series were constructed using the mean value of NDVI of 
annual growing seasons (March to October) for subsequent 
calculation.

Trend is measured using the trajectory of productivity 
change over the long term for both baseline and target period. 
The cropland productivity trend was evaluated using ridge 
regression on GEE. If p < 0.01 and slope > 0, the pixel would 
be measured as “improvement”; If p < 0.01 and slope < 0, the 

Table 2. The data source of cropland condition monitoring indexes.

No.
Index Data source

Name Temporal resolution Name Spatial resolution Temporal resolution

1. Gross Primary Productivity (GPP) 8 d MOD17A2H 500 m 8 d

2. Normalized Difference Vegetation Index 
(NDVI)

16 d MOD13A1 500 m 16 d

3. Precipitation (PR) 10 d GSMaP 0.1 degree Hourly

4. Agricultural Stress Index (ASI) 10 d FAO ASIS 1 km 10 d

5. Drought Intensity (DI) 10 d FAO ASIS 1 km 10 d

6. Mean Vegetation Health Index (MVHI) 10 d FAO ASIS 1 km 10 d

7. Vegetation Health Index (VHI) 10 d FAO ASIS 1 km 10 d

GSMaP, Global Satellite Mapping of Precipitation; FAO ASIS, Food and Agriculture Organization of the United Nations Agricultural Stress Index System.
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pixel would be measured as “degradation”; otherwise, the pixel 
would be measured as “stable”.

State is calculated by comparing the mean annual NDVI of 
the baseline and target periods. Firstly, the mean (μ) and stand-
ard deviation (σ) of annual NDVI during the baseline period 
were calculated. Then, the mean of annual NDVI during the 
target period was obtained as x, and the significance was cal-
culated as follows:

If Z <  − 1.96, the pixel was determined as “degradation”; if 
Z > 1.96, the pixel was determined as “improvement”; other-
wise, the pixel was determined as “stable”.

Performance is used to indicate spatial differences in cropland 
productivity within regions. In this study, the division of regions 
is based on the dataset of RESOLVE Ecoregions [55]. For each 
region, Performance was calculated by comparing it to the max-
imum NDVI value observed. The 90th percentile of NDVI within 
the region was used as NDVImax to avoid overestimation of the 

maximum value due to outliers. For each pixel, Performance 
was calculated as follows:

An output Performance value close to 1 indicates that the 
pixel has the highest productivity level for the period. As sug-
gested by UNCCD, pixels with Performance < 0.5 were marked 
as degraded.

Finally, the pixel-level cropland productivity degradation was 
assessed by the combination of Trend, State, and Performance 
based on the lookup table shown in Table 5.

Subindicator: Soil organic carbon
In this study, the pixel-level change of soil organic carbon stocks 
was estimated based on the dekadally updated land cover maps 
using IPCC Tier 1 methods [56] as follows:

where SOC represents the soil organic carbon stocks; SOCRef is 
the common set of reference soil organic carbon stocks; FLU, 
FMG, FI are default stock change factors determined by temper-
ature and soil moisture regimes, which are provided by IPCC 
[56], and represent stock change factor for land-use systems/
subsystem for a particular land-use, management regime, input 
of organic matter, respectively.

Once SOC was obtained for the baseline and target 
periods, the relative percentage change was calculated as 
rSOC =

SOCbaseline−SOCtarget

SOCbaseline
× 100%. If rSOC <  − 10%, the pixel  

was marked as “degradation”; if rSOC > 10%, the pixel was marked 
as “improvement”; otherwise, the pixel was marked as “stable”.

Results and Discussion

Spatiotemporal dynamics of cropland in MSBBC 
from 2000 to near real time
Taking advantage of the FROM-GLC Plus, land cover maps 
of 2000, 2015, and near real time (2022 August 20) of MSBBC 

(1)
Z =

x − �

�∕
√

3

(2)Performance =
NDVIobserved
NDVImax

(3)SOC = SOCRef × FLU × FMG × FI

Fig. 3. UNCCD workflow to obtain final degraded cropland from subindicators of land cover, cropland productivity, and soil organic carbon [46,47].

Table 3. Mapping between FROM-GLC classification system and 
IPCC classes.

IPCC classes FROM-GLC classes

Cropland Cropland

Forest land Forest

Grassland Grassland

Shrubland

Wetlands Wetland

Settlements Impervious

Other land Tundra

Water

Bare land

Ice/snow
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were developed and shown in Fig. 4A to C, respectively. To 
evaluate the accuracy of the land cover maps, evaluation sam-
ples were generated using the FROM-GLC Plus, and the overall 
accuracy for the years 2000, 2015, and near real-time maps are 
0.76, 0.73, and 0.72, respectively, indicating a high level of accu-
racy and consistency across different time periods. Cropland 
and natural vegetation (forest, shrubland, and grassland) are 
mainly located to the east of the Hu Line, whereas the land 
cover in the west of the Hu Line is dominated by bare land and 
grassland. Large tracts of cropland are concentrated in the open 
area of the Northeast Plain, the Loess Plateau and the Sichuan 
Basin. In addition, the cropland dynamics during 2000 and 
near real time can be obtained in the annual land cover maps 
and cropland transfer analysis in Fig. 4D. Generally, over the 
last 2 decades, the amount of cropland lost has been greater 
than the amount gained. Urban expansion is an important rea-
son for the occupation of cropland, as a large proportion of it 
is converted to impervious cover. Besides, China's revegetation 
programs have resulted in the conversion of large amounts of 
cropland to forest, grassland, and shrubland. According to our 
result, the area of cropland converted as a result of China's 
revegetation programs is about twice as large as the area con-
verted to bare land, which demonstrates the effectiveness of 
ecological restoration projects launched in China. Meanwhile, 
newly cleared cropland is also found, mostly occupying grass-
land and bare land, which is typical in agro-pastoral ecotone. 

Furthermore, detailed annual cropland expansion and contrac-
tion were shown in Fig. 5, including (a) cropland expansion on 
the Songnen Plain, northeast China; (b) cropland contraction 
caused by urban sprawl on Loess Plateau, northwest China. 
Google Earth images illustrate how land change dynamics.

Near real-time cropland condition in MSBBC
Using indexes shown in Table 1, the near real-time (2022 
August 20) cropland condition monitoring in this study is 
developed based on the cropland extent using index anomaly 
method (Fig. 6). According to the PR monitoring results, most 
regions of the study area have less precipitation than previous 
years, which further results in the distribution of large areas of 
higher DI. However, in accordance with the monitoring results 
of VHI, which is an index calculated using NDVI and temper-
ature, drought does not directly cause a decline in the crop 
health. For the northeast and middle section of MSBBC, the 
crop health shows similar or even better than previous years. 
The decline in crop health is mainly seen in the Sichuan basin 
and mountainous areas located in the southwest, which may 
be related to the unusually and persistent high temperatures 
in these regions in the summer of 2022. As a complement, 
this can also be observed in the monitoring results of NDVI. 
Furthermore, if we include the VHI for the entire 2022 growing 
season (until August) in the monitoring, which is represented 
by MVHI, most areas do not show a substantial decline in crop 
health. If the hot and arid weather ends in time or if timely 
human interventions (such as irrigation or shade) are provided, 
crop growth may still return to previous years' levels. Also, ASI 
is an indicator calculated from the VHI throughout the growing 
season, but it is obtained after taking into account the sensitivity 
of the crop to water stress. Based on the monitoring results of 
ASI, higher agricultural stress can be observed on the sides of 
Hu Line as well as in the higher elevations of the mountainous 
areas with fragmented cropland and complicated environment. 
Besides, the GPP monitoring results also reflect this from 
a productivity perspective. Topographical and soil conditions, 
lack of irrigation measures, difficulties in access to water sources, 
and sloppy management practices may all contribute to this 
phenomenon, especially in the context of the unusually high 
temperature of 2022 in China.

Near real-time cropland degradation in MSBBC
Taking advantages of the near real-time and dekadally updated 
monitoring results of land cover, monitoring of cropland 

Table 4. Land cover transition matrix using IPCC classes [46,47].

Current 
Previous

Forest land Grassland Cropland Wetlands Settlements Other land

Forest land Stable Degradation Degradation Degradation Degradation Degradation

Grassland Improvement Stable Degradation Improvement Degradation Degradation

Cropland Improvement Improvement Stable Improvement Degradation Degradation

Wetlands Degradation Degradation Degradation Stable Degradation Degradation

Settlements Improvement Improvement Improvement Improvement Stable Improvement

Other land Improvement Improvement Improvement Improvement Degradation Stable

Table 5. Lookup table for determining cropland productivity 
degradation [46,47].

No. Trend State Performance Combination

1. Y Y Y Y

2. Y Y N Y

3. Y N Y Y

4. Y N N Y

5. N Y Y Y

6. N Y N N

7. N N Y N

8. N N N N

Y is degraded/improved and N is not degraded/improved.

D
ow

nloaded from
 https://spj.science.org on O

ctober 03, 2024

https://doi.org/10.34133/remotesensing.0065


Du et al. 2023 | https://doi.org/10.34133/remotesensing.0065 8

degradation was carried out according to the UNCCD's frame-
work, which includes 3 subindicators: land cover, land produc-
tivity, and soil organic carbon.

Monitoring results of subindicator: Land cover
Based on the land cover transition matrix shown in Table 3, the 
cropland degradation assessment result for the subindicator of 
land cover was obtained using the cropland degradation extent of 
baseline period (2000 to 2015) and target period (2015 to 2022). 
According to Fig. 7, most of the cropland in the study area 

maintained a stable state, showing a large continuous distribution. 
However, there are still some areas with degraded cropland, such 
as the peri-urban area, the arid northwest area, and the mountain-
ous southwest area, showing a scattered distribution. Meanwhile, 
a large amount of improved cropland can be found in the study 
area, also with a sporadic distribution, but with a clear aggregation 
in the mountainous areas. This is related to the ecological engi-
neering and revegetation land use policy carried out in China since 
2000, which led to the cropland with steeper slopes located in 
mountainous areas was retired to grassland or forest.

Fig. 4. Annual land cover maps of (A) 2000, (B) 2015, and (C) near real time (2022 August 20). (D) The cropland transfer analysis result of 2000 and near real time.
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Monitoring results of subindicator:  
Land productivity
The subindicator of land productivity was measured from 3 
aspects: Trend, State, and Performance (Fig. 8). Subject to the 
calculation of the 3 factors, Trend and State can reflect the deg-
radation and improvement of cropland, while Performance can 
only characterize the degradation. Using the lookup table in 
Table 4, the final monitoring results of land productivity was 
obtained. Generally, similar monitoring results for Trend and 
State can be observed, which indicates that most cropland in 
the study area has been more productive in recent years than 
in the baseline years. For the monitoring results of Performance, 
most cropland in the study area shows not degraded, and the 
degradation mainly located at the northwest of the middle 
region of MSBBC, concentrated in peri-urban, mountainous 
terraces, and desertified areas. It is evident that the produc-
tivity of cropland in these areas is lower within the same 
ecological subzone. Generally, according to the final moni-
toring results combining Trend, State, and Performance, the 
productivity of most cropland across the study area is stable 
or has improved compared to previous years, and degraded 
cropland is sporadically distributed, with a majority occur-
ring in suburbs.

Monitoring results of subindicator:  
Soil organic carbon
Taking advantage of IPCC Tier 1 methods [56], the subindica-
tor of soil organic carbon was obtained based on the soil clas-
sification map of HWSD and IPCC climate zones (Fig. 9). The 
majority of the cropland in the study area shows a stable con-
dition according to the results. Nonetheless, there is improve-
ment and degradation in fragmented fields and the edges of 
contiguous croplands. For northeast region of the study area, 
degradation and improvement can be observed in the junction 
with the forest (zoomed area A in Fig. 9). Besides, with similar 
results to those of land cover and land productivity, fragmented 
fields located in drought and desertification are prone to 
be degradation (zoomed area B and C in Fig. 9). Most of the 
improvement occurs in the hilly gully areas of the Loess Plateau 
in the middle region of the study area, largely thanks to eco-
logical restoration projects in this region of China over the last 
2 decades (zoomed area D and E in Fig. 9). The improvement 
along the sides of the ridge can be observed. However, degra-
dation can also be found in these terraces, such as the new 
cultivated cropland in the southwest mountains (zoomed area 
F in Fig. 9).

Integrated cropland degradation in MSBBC
The final cropland degradation monitoring results were further 
evaluated using the workflow shown in Fig. 3. The monitoring 
results show that over 90% of the cropland in the study area is 
not degraded (Fig. 10A). Cropland degradation has the largest 
share in the Southeast region, accounting for 9.68% of the 
region's cropland. The Middle region is the next most degraded 
with 7.87%, while the Northeast region is the least degraded 
with 3.36%. To further analyze the spatial distribution charac-
teristics of degraded cropland, we calculated the degradation 
intensity (i.e., the percentage of degraded cropland) within a 
1-km grid and analyzed the spatial aggregation of degradation 
intensity using spatial analysis algorithms. The calculated global 
Moran index was 0.24 and passed the 1% significance test, indi-
cating that the degraded cropland had a spatial positive corre-
lation in spatial distribution and showed a strong aggregation. 
From the degradation intensity shown in Fig. 10B, the degra-
dation of cropland is mainly concentrated in the Horqin sands 
with serious land desertification in the northeast, the north-
western part of the Loess Plateau with serious soil erosion in 
the central Shaanxi-Gansu-Ningxia junction, and the moun-
tainous areas with serious soil erosion in northwest and 
southwest Sichuan, which may be related to the poor agricul-
tural conditions (climate, topography, etc.) in these areas. In 
addition, to facilitate land policy planning, we calculated the 
intensity of cropland degradation for each county (Fig. 10C). 
Overall, the distribution of cropland degradation intensity 
varies greatly among different counties in the study area. The 
counties with higher degradation intensity are mainly located 
west of Huline. Besides, some of the districts and counties 
located near the city centers also have a higher intensity of 
cropland degradation, which are scattered throughout the 
study area.

Open platform for near real-time cropland  
dynamic monitoring

Our work constructed a framework for the near real-time and 
dekadally updated cropland monitoring from 3 perspectives: 
land cover change, conditions, and degradation monitoring. 
Here, we provide an accessible open platform (https://leyu.
users.earthengine.app/view/fgp-cropland) developed based on 
this framework (Fig. 11). The cropland map in the platform is 
updated every 10 d using FROM-GLC Plus and the cropland 
condition monitoring is realized based on the index anomaly 
method. The cropland degradation monitoring results are 
rendered and shown in the platform, including final results 

Fig. 5. Detailed cropland dynamics. (A) Cropland expansion in Daqing, Heilongjiang and (B) cropland contraction in Xian, Shaanxi.
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and results of 3 subindicators (i.e., land cover change, land 
productivity, and soil organic carbon). Specifically, the results 
can be obtained on both pixel level and county level with the 
selector in the upper right corner (“Check by County” / “Check 
by Point”). Users can see cropland condition monitoring results 
for the point/county of interest on the right by simply clicking 
on the map on the left.

In addition to the monitoring methods developed in the 
study area of MSBBC, the open platform can provide the 

monitoring results of (a) cropland drought, (b) the population 
exposed to drought, and (c) the degree of drought vulnerability 
using the guidance of UNCCD [57]. Firstly, the cropland drought 
was shown using the near real-time cropland map rendered 
with the drought intensity classes which is obtained using the 
product of Standardized Precipitation Index [58] and classifi-
cation method suggested by UNCCD [57]. Secondly, the pop-
ulation exposed to drought is evaluated on the county level 
based on the drought intensity classification results and population 

Fig. 6. Cropland condition monitoring results of 2022 August 20, which were developed based on indicators of (A) Precipitation (PR), (B) Drought Intensity (DI), (C) Vegetation 
Health Index (VHI), (D) Normalized Difference Vegetation Index (NDVI), (E) Gross Primary Productivity (GPP), (F) Mean Vegetation Health Index (MVHI), and (G) Agricultural 
Stress Index (ASI).
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dataset of WorldPop. With a click on the interested county, 
users can see the evaluated results on the right. Specifically, the 
age and sex distribution of the population exposed to drought 
can also be observed in the bar chart on the right. Thirdly, the 
degree of drought vulnerability is evaluated using Drought 
Vulnerability Index (DVI). DVI is recommended to be cal-
culated using 3 components of social, economic, and infra-
structural [57]. For these 3 components, UNCCD provides 
various factors, such as literacy rate, Gross Domestic Product 
(GDP), safely managed drinking water, etc. However, due to the 
availability of data, we choose “GDP per capita” for economic 
to calculate DVI on the county level [59], and the vulnerability 
is rendered with the county boundary on the left. As more 

relevant data products are added, the platform estimates of DVI 
will be further optimized.

Implications and perspectives
According to the degradation monitoring results, we found that 
cropland degradation of MSBBC showed a significant aggre-
gation in desertified areas (Horqin sands) and mountainous 
hilly areas (Loess Plateau and west of Sichuan), which implies 
the possible reasons of degradation, such as topography, pre-
cipitation, and cropland management.

In order to obtain the spatial distribution of degraded crop-
land in relation to topography, we further analyzed the distri-
bution characteristics of degraded and nondegraded cropland 

Fig. 7. Cropland degradation monitoring results based on the subindicator of land cover. The zoomed-in areas A and B provide a detailed view of the cropland degradation 
caused by the shift to bare land and improvement caused by the ecological engineering and revegetation land use policy, respectively.
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in terms of 2 key topographic factors, slope and elevation, based 
on the 30-m Shuttle Radar Topography Mission data. We found 
that the slope of degraded cropland is steeper and the elevation 
is higher compared to undegraded cropland. Among the degraded 
cropland, the percentage of terraces and sloping cropland 
(slope > 2°) is 52.50%, while the percentage of terraces and 
sloping cropland of undegraded cropland is 43.29%. The percent-
age of degraded cropland located at high elevation (>1,500 m) 
is 20.08%, and the percentage of undegraded cropland located 
at high elevation is 12.11%. Based on the analysis results shown 
in Fig. 12A, from the southwest to the northeast, the slope 

of cropland gradually tended to level off, and the slope of 
degraded cropland within the sections is higher, which again 
suggested that cropland at steeper slope may be more prone 
to degradation.

Insufficient precipitation is another potential factor contrib-
uting to the degradation of cropland in MSBBC, as most of 
the degraded cropland in northeast and middle sections was 
located in arid or semiarid area of China (i.e., the west of the 
400 mm/y precipitation isoline). This pattern was further 
proved using the results of superimposed analysis with precip-
itation product of GSMaP. The statistical results shown in 

Fig. 8. Cropland degradation monitoring results based on the subindicator of land productivity. The line graph depicts a steady increase in the NDVI since 2000 and notably 
higher NDVI values for target period, showing improved land productivity.
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Fig. 12B suggested that degraded cropland tended to have less 
precipitation. However, this difference is not apparent with the 
degradation in southwest section of MSBBC, which indicated 
that the degradation may be induced by the shortage of irriga-
tion measures for the cropland in mountainous areas.

Meanwhile, the degradation of cropland may be further 
accelerated by inappropriate cropland use. In the past decades, 
increasing population and rapid economic development have 
aggravated the conflict between humans and land in China. This 
contradiction is further exacerbated by the chronic water short-
age, land desertification, and soil erosion in MSBBS, resulting in 
overcultivation. It has been reported that intensive cropland 
use in this region, including successive crop and neglect of 
fallow and crop rotation, has led to degradation over the past 
half-century [60–62]. Furthermore, cropland degradation has 

been exacerbated by further soil nutrient loss due to land deser-
tification in the northeast section and soil erosion problems on 
the central Loess Plateau and mountainous regions in the south-
west section.

Additionally, for possible future change in MSBBS, simu-
lated results from CMIP6 under 4 radiative forcing scenarios 
(SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) reveal extraordi-
nary increase in NPP and precipitation in MSBBC in the com-
ing decades [63]. It indicates a great production potential for 
cropland under the influence of future nature conditions. For 
the max exploitation of this potential, measures should be 
taken for sustainable cropland use in MSBBC to curb the 
further cropland degradation. Counties with high degradation 
intensity (as shown in Fig. 10C) should pay more attention on 
the cropland restoration. Conservation tillage, such as stubble, 

Fig. 9. Cropland degradation monitoring results based on the subindicator of soil organic carbon. The zoomed-in results on the right are superimposed on the Google Earth images.
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fallow, and nontillage, is a potentially useful practice for the 
rest and recuperation of cropland. Additionally, for southern 
double or tribble maturity zones, improved tillage systems also 
contribute to the soil nutrient accumulation and recovery. For 
example, seasonal fallow, including “winter break–summer 
planting” and one less season of rice planting, can help relieve 
the tension and fatigue of cropland. Cropland ecological projects 
is another measure to curb the degradation. Site-specific soil 
improvement and land reclamation, such as soil structure 
improvement, construction of irrigation facilities and terrace 
transformation, is necessary to provide proper conditions for 
cultivation. In areas where wind, sand, frost, and other disasters 
are serious, reasonable planning of field protection forest sys-
tem construction should be considered as an effective measure 
for improving agricultural production conditions.

Uncertainties and limitations
In this study, we developed an operational assessment frame-
work for near real-time cropland dynamic monitoring. By 
linking FROM-GLC Plus and FAO ASIS, our framework can 
provide near real-time and dekadally updated cropland extent, 

cropland condition, and cropland degradation monitoring results. 
Additionally, an open platform of its application is provided, 
which further indicates the near real-time monitoring capability 
of our framework for cropland at pixel and county scales.

However, there are still some uncertainties and limitations 
should be figured out for potential future applications. Due to 
the limitation of computational efficiency, our framework needs 
to rely on some publicly available datasets of GEE, which means 
that it is not possible to unify all the data to 30-m resolution, 
resulting in some monitoring results with plaque problems. In 
addition, thanks to FROM-GLC Plus, the land cover classifi-
cation results are updated in near real time dekadally, but the 
difference in temporal resolution of different data products 
causes some monitoring results to be out of synchronization. 
Another issue arising from the computational efficiency is that 
the open platform developed in this paper is still difficult to 
scale up, as classification, monitoring, and statistics would take 
longer, making it difficult to guarantee the near real-time nature 
of the platform. Another limitation of our framework is that 
the mapping and monitoring results still relies on manual 
update. In the future, if there is automatic result push that relies 

Fig. 10. Final cropland degradation monitoring results. (A) Thirty-meter monitoring result. (B) Degradation intensity in 1-km grids. (C) Degradation intensity in county level.

Fig. 11. Open platform for near real-time cropland dynamics monitoring (https://leyu.users.earthengine.app/view/fgp-cropland).
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on source data (such as Landsat imagery) update, it will further 
improve the real time and usability of the workflow.

Conclusion
Cropland mapping and monitoring has always been an impor-
tant application of remote sensing. Despite the wide variety of 
methods employed in this field, there is still a lack of an inte-
grated and near real-time framework or platform for cropland 
dynamic monitoring, which makes it difficult to provide oper-
ational assessment tool for agricultural production and man-
agement. In this paper, taking advantage of FROM-GLC Plus, 
FAO ASIS, and the monitoring method suggested by UNCCD, 
we developed a near real-time monitoring framework for crop-
land extent change, crop conditions, and cropland degradation 
in the study area of MSBBC. We found that China’s ecological 
restoration projects made remarkable achievement, and deg-
radation in MSBBC showed a substantial aggregation pattern, 
particularly entangled with topography, precipitation, and way 
of cropland use, which suggested that measures such as con-
servation tillage, improved tillage systems, and cropland eco-
logical projects should be implemented to achieve sustainable 
cropland use. Our framework can provide convenient access 
to high-spatiotemporal-resolution cropland maps (30 m, dekadal) 
and instant (near real time) cropland monitoring results, espe-
cially with the open platform presented here. Thus, our work 
improves the real time of current remote sensing applications 
and cropland monitoring, which can provide more timely data-
base and technical support for cropland change monitoring, 
crop health early warning, sustainable development research 
and decision making.
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