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Upland crop-rice cropping systems (UCR) facilitate sustainable agricultural intensification. Accurate UCR
cultivation mapping is needed to ensure food security, sustainable water management, and rural revital-
ization. However, datasets describing cropping systems are limited in spatial coverage and crop types.
Mapping UCR is more challenging than crop identification and most existing approaches rely heavily
on accurate phenology calendars and representative training samples, which limits its applications over
large regions. We describe a novel algorithm (RRSS) for automatic mapping of upland crop–rice cropping
systems using Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-2 Multispectral Instrument (MSI)
data. One indicator, the VV backscatter range, was proposed to discriminate UCR and another two indi-
cators were designed by coupling greenness and pigment indices to further discriminate tobacco or oil-
seed UCR. The RRSS algorithm was applied to South China characterized by complex smallholder rice
cropping systems and diverse topographic conditions. This study developed 10-m UCR maps of a major
rice bowl in South China, the Xiang-Gan-Min (XGM) region. The performance of the RRSS algorithm was
validated based on 5197 ground-truth reference sites, with an overall accuracy of 91.92%. There were
7348 km2 areas of UCR, roughly one-half of them located in plains. The UCR was represented mainly
by oilseed-UCR and tobacco-UCR, which contributed respectively 69% and 15% of UCR area. UCR patterns
accounted for only one-tenth of rice production, which can be tripled by intensification from single rice
cropping. Application to complex and fragmented subtropical regions suggested the spatiotemporal
robustness of the RRSS algorithm, which could be further applied to generate 10-m UCR datasets for
application at national or global scales.

� 2024 Crop Science Society of China and Institute of Crop Science, CAAS. Production and hosting by
Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-

ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Agricultural systems are currently facing a series of challenges
associated with achieving Sustainable Development Goals (SDGs)
and alleviating the environmental consequences of cropping prac-
tices [1]. Paddy rice, which feeds more than half of the global pop-
ulation [2], is responsible for one fourth to one third of global
freshwater consumption and one tenth of methane emissions [3].
Sustainable agriculture through improved cropping practices can
benefit food production and the environment [4,5]. Location and
crop-specific Cropping Patterns (CP), the sequences of annual
crops, is one of the key cropping practices for sustainable intensi-
fication [6]. Agricultural intensification can be promoted by devel-
opment of multiple cropping patterns without cropland expansion
[7]. Context-specific strategies for major cropping systems are
needed to facilitate resilient agricultural systems [8,9]. Spatiotem-
poral data on cropping patterns is vital for sustainable land man-
agement [10,11].

Cropping patterns can be categorized into monocropping and
multiple cropping according to the cropping frequency per year.
Multiple cropping systems with various crops (such as winter
wheat–rice) have been widely employed in agricultural manage-
ment for its benefits of improving soil quality and reducing disease
incidence [12]. China is the world’s largest rice producer and rice is
commonly cultivated in small paddy fields with diverse crop cycles
[13]. Oilseed in China accounts for about 20% of world production
[14]. The Upland Crop-Rice (UCR) cropping system of oilseeds and
rice, a common cropping practice in the Yangtze River basin of
China, improves rice yield and soil quality [15]. Other UCR
Co., Ltd.
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practices include winter wheat–rice, tobacco–rice and vegetable–
rice. China is the largest wheat and tobacco producer in the world.
Winter wheat is commonly double-cropped followed by maize or
paddy rice in eastern China [16,17]. Tobacco–rice cropping system
is used in mountainous and hilly regions of southern China and
supports rural vitalization. But few accurate, finer-resolution UCR
maps with rotated crop types are available on regional scales
(> 1000 km2), especially in smallholder agricultural systems [18].
Detailed information on cropping patterns is rarely reported in
agricultural statistics [6].

Remote sensing has permitted monitoring of changes in agricul-
tural practice over large spatial domains [19]. Agricultural remote
sensing studies can be grouped into three categories. The first
group estimates the cropping intensity of all crops cultivated per
year [20,21] and the second group concentrates on the cropping
intensity of one specific crop [22]. The third group provides
detailed information on cropping intensity as well as the sequence
of cultivated crop types [16,23]. Most existing large-scale studies
of cropping patterns fall within the first two groups, and were con-
ducted primarily based on optical images such as the MODIS and
Landsat time series images [24,25].

Mapping cropping sequences is more challenging than crop
identification [6]. Information on crop sequences is generally
derived based on maps independently produced across multiple
seasons or years [18,26]. Classification errors in the maps reduce
the consistency of detection of cropping systems [5]. Descriptions
of cropping systems with information on crop sequences are rarely
available in developing countries with complex multiple cropping
systems [23]. Most studies have investigated single-cropping
regions, and only a few studies have investigated complex multiple
cropping systems [23,27]. Datasets on cropping systems are still
very limited in spatial coverage and crop types [1]. Automatic
and robust mapping approaches are required for direct identifica-
tion of complex multiple cropping patterns such as UCR over large
spatial domains [1]. There is a lack of knowledge of the extent and
locations of cropping patterns in complex agricultural systems
[28]. Until now, little work has been performed on mapping UCR
practices in comparison with other multiple cropping patterns
such as upland–upland (winter wheat–maize) or double rice crop-
ping systems.

The objectives of this study were to develop a robust UCR map-
ping algorithm by combining optical and SAR time series datasets,
with the purpose of answering two questions: 1) What are the
major challenges for automatic large-scale crop mapping over
tropical/subtropical regions? 2) Could simple and robust crop map-
ping indices be developed to automatically extract information
about crop types and cropping sequences, and how?
2. Study area and data sources

2.1. Study area

The study area (XGM region, 23�310N–30�080N, 108�470E–120�
430E), located in South China, includes the Hunan (Xiang), Jiangxi
(Gan) and Fujian (Min) provinces (Fig. 1A, B). The XGM region
has a total land area of 502,700 km2, three fourths of it located
in mountains and hills. Roughly one-half of the cropland (47%) is
distributed among mountains and hills in the XGM region. The
XGM region is characterized by a subtropical monsoon humid cli-
mate with abundant heat and water resources, supporting multiple
cropping such as of double rice the UCR. The region experiences an
average annual temperature ranging from 17 to 20 �C, enjoys a
frost-free period of over 250 d, and receives more than 1300 mm
of precipitation annually. There are plains in the northeast of
Hunan province and the central of Jiangxi province. The two largest
615
lakes in China, Dongting and Poyang Lakes, are located in the
northern portions of Hunan and Jiangxi provinces (Fig. 1B). Fujian
province is characterized as a mountainous and hilly region, which
has ranked the first in forest cover rate in China for 40 years [21].
Mountainous terrain is the main reason for low mapping accuracy
in existing rice data products [30].

The XGM region accounted for 26.7% of the total paddy rice
sown area in China according to the Agricultural Census Data in
2021 (http://tjj.hunan.gov.cn/, http://tjj.jiangxi.gov.cn/, http://
tjj.fujian.gov.cn/). The Hunan and Jiangxi provinces rank first and
third in rice production in China (Heilongjiang province in North-
east China ranked second, but cannot be cultivated by multiple
cropping owing to temperature limits). Paddy rice accounts for
85% of grain production in the study area (Fig. 1A). There are three
kinds of rice cropping patterns defined by cropping intensity and
crop sequences are single rice cropping, double rice, and UCR.
The multiple cropping systems of UCR commonly feature a
sequence of winter crops such as oilseed, tobacco and vegetables,
followed by paddy rice cultivated in summer in the XGM region
(Fig. 1F). The XGM region accounted for respectively 26.6% and
14.7% of oilseed and tobacco sown areas in China (Fig. S1). Specif-
ically, Hunan province ranks at the top in oilseed production in
China. Compared to rice and oilseed, the tobacco industry makes
much higher profits. The Gross domestic product (GDP) of tobacco
is commonly transplanted during late February, enters the early
vegetative growth stages (reunion period) after 10–15 d, then
experiences rapid vegetative growth stage (around one month) in
April, and finally the maturing stage during summer (May and
June) (Fig. S1). The growing period of tobacco spans around 130
d from transplanting to harvesting. Although tobacco is commonly
harvested for its leaves, the maturing stage is fairly long, covering
almost half of the growing season. The oilseed is commonly
planted in October and then experiences a long of (around two
months) vegetative stage during the winter. The budding period
of oilseed starts in the early or middle of January, the flowering
stage continues for more than one month, and harvesting season
ranges between late April and early June (Fig. S1).
2.2. Datasets

2.2.1. Sentinel-1 SAR images
Sentinel-1 SAR images were applied in this study. All available

level-1 Ground Range Detected (GRD) products in the XGM region
were used, including respectively 971 and 947 Sentinel-1 GRD
images in 2018 and 2021. Sentinel-1 GRD images have a spatial
resolution of 10 m and a revisit frequency of 12 d. The Sentinel-1
GRD product is in Interferometric Wide Swath mode with dual-
band cross-polarization (VV) and vertical transmit/horizontal
receive (VH). VV is sensitive to both volume and surface scattering
[31]. This study characterized the upland crop-rice cropping sys-
tems based on the changes in crop and ground parameters. There-
fore, the VV backscattering coefficients time series was applied and
smoothed with a Whittaker smoother [32] (WS) (lambda = 1,
order = 2). Data preprocessing and the mapping algorithm were
implemented in the Google Earth Engine (GEE) platform in this
study.
2.2.2. Sentinel-2 MSI images
The Sentinel-2 MSI time series images offer great opportunities

for agricultural mapping due to their improvements in spatial,
temporal and spectral resolutions (3 unique red-edge bands)
[33]. We collected all available Level-1C Sentinel-2A/B images,
constituting respectively 9479 and 10,371 Sentinel-2 MSI images
in 2018 and 2021. For each pixel, invalid observations with cloud
contamination were discarded. Spectral indices were calculated
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Fig. 1. Maps of study area and intra-class variability of cropping patterns. (A) rice sown area in China and (B) the proportions of crops in the XGM region in 2021; (C)
elevation, some reference sites, and field photos; (D) phenological shifts; (E) growth status; (F) cropping patterns; (G) inter-annual variations. The authors declared that
boundary of China map is totally based on the Audit Number: GS (2020) 4234 without re-editing.
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and a smoothed 10-day composite time series of spectral indices
was obtained using a WS with lambda 10 and order 2.

Two spectral indices were computed: a two-band Enhanced
Vegetation Index (EVI2) [34] and an Anthocyanin Reflectance Index
(ARI) [35]. Higher values in ARI represent higher concentrations of
anthocyanin. The vegetation and pigment indices were calculated
using equations 1–3.

EVI2 ¼ 2:5� q
NIR

� q
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� �,
q
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þ 2:4� q
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þ 1

� �
ð1Þ
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q
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Here, q
NIR
, q

Red
, q

Green
and q

VRE1
represent top-of-atmosphere

reflectance (TOA) values from the Near-infrared, Red, Green and
Vegetation Red Edge 1 (VRE1) in Sentinel-2 images.

2.2.3. Ground-truth reference data, agricultural census data, and other
datasets

Ground truth reference data were obtained primarily through
field surveys. Field surveys have been conducted across these three
provinces since 2018. At each survey site, the position was
recorded along with crop types, cropping patterns, and the corre-
sponding phenological stages and field photos. Among the 7206
ground-truth sites (Fig. S3), 2178 were implemented by UCR:
927 of oilseed–rice, 701 of tobacco–rice, and other UCR combina-
tions including vegetable–rice and maize–rice). Other cropping
patterns included single cropping of paddy rice, peanut, soybean,
and sweet potato, double cropping of double rice and oilseed–
maize/cotton, and other patterns such as single maize and vegeta-
bles. Approximately 30% (2009) of the reference sites were selected
for determining thresholds in the mapping decision rule and 70%
(5197) of the reference sites were used for accuracy assessment.

The agricultural census data, detailing the total sown area of
major crops, were obtained from statistical yearbooks available
on the official websites of various provincial statistics bureaus.
For example, the statistical yearbook in Hunan province in 2022
(http://tjj.hunan.gov.cn/) reported the planting areas of paddy rice,
oilseed or tobacco by prefecture in 2021. However, because the sta-
tistical yearbook provided no information on specific cropping pat-
terns, these data (http://tjj.jiangxi.gov.cn/, http://tjj.fujian.gov.cn/)
were merely used to estimate the extent of UCR in rice cultivation
in the study area. Other datasets included cropland distribution
data and crop calendar data. The cropland distribution dataset
was derived from the 2020 GlobelLand30 dataset [36], which is
the first 30 m-resolution global land cover dataset with good accu-
racy. Crop calendar data were obtained from the National Meteoro-

logical Bureau of China (http://data.cma.cn) and also collected
during fieldwork.

3. Methodology

3.1. Problems of crop mapping over fragmented subtropical regions

Research efforts have been applied to identifying a series of
crops such as paddy rice and winter wheat [37,38]. The data-
driven mapping algorithm has been increasingly employed for crop
mapping, especially deep learning algorithms, which can automat-
ically learn useful features for target classification [28,39]. How-
ever, these trained models driven by massive sample datasets are
challenged by the capabilities of generalization across regions or
617
years owing to differences in cropping systems, crop phenology,
and other factors [40,41]. The phenological dates of crops are sus-
ceptible to changes in climatic conditions and planting patterns
over large areas [42,43]. Crop mapping is challenged by intra-
class variation in spectral and temporal features across regions
and years [44]. Large-scale applications of supervised classification
approaches are constrained by their limited transferring capabili-
ties due to regional or temporal discrepancies [40].

There are at least two major challenges in crop mapping over
fragmented subtropical regions with mixed single and double
cropping systems. First, there is a lack of reliable and updated
Cropping Intensity (CI) datasets with finer resolutions at large
scales. These are commonly prerequisites of crop mapping frame-
works in complex agricultural regions with multiple cropping. The
number of crop growing cycles is determined and then key pheno-
logical stages such as the flowering stage are estimated to identify
the proper time phase for discriminating among crops [45]. CI
mapping is implemented primarily based on the temporal curves
of vegetation indices such as the NDVI or EVI [24,46,47]. However,
it is difficult to establish a relationship between VI curves and
cropping cycles over large regions with complex and diverse agri-
cultural systems [20]. Existing cropping intensity datasets are
available only at coarse resolutions or in limited years, and show
large uncertainties in humid subtropical regions [46,48].

Second, there are large and inevitable intraclass variation and
inter-class similarities in spectral and temporal features across
regions and years [28]. There are at least two kinds of intraclass
variation, one (group I) associated with changes in crop phenology,
and the other (group II) with crop growth. It is commonly observed
[40,42] that the phenology of the same crop varies across regions
and years, following changes in climatic conditions and cultivation
history. The crop calendar of the same crop could be flexible and
changeable even within small areas, especially among tropical or
subtropical regions with abundant water and heat resources. For
example, a single crop of paddy rice can be transplanted from April
to August in southern China (Fig, 1D). Differences in crop growth
can be introduced by changes in cropland quality and cropping
activities such as irrigation and fertilization (Fig. 1E). There are
large discrepancies in VI values of the same crop and similarities
across vegetation types [20,43]. These two groups of intraclass
variation can persist across years (Fig. 1G) and are further exacer-
bated by the inconsistency of data availability. Optical time-series
images are influenced by cloud contamination, especially in humid
and cloudy regions [43]. These spatiotemporal heterogeneities in
the same crop can severely degrade the performances of existing
crop mapping algorithms [18]. In summary, agricultural remote
sensing applications are more challenging in tropical and subtrop-
ical regions than in other climatic regions.

3.2. Overview of the framework: Moving from crop mapping to
cropping pattern identification

The rice cropping pattern, the UCR, and two major UCR types
(oilseed–UCR, tobacco–UCR), were mapped based on Sentinel-1
SAR and Sentinel-2 MSI time series (Fig. 2). First, the double-
cropping pattern of UCR was characterized by the large change
magnitude of VV signals. We developed a new UCR indicator by
accounting for the inter-seasonal feature of UCR introduced by
upland crop cultivation (high VV at heading stage) rotated with
paddy rice (low VV in the transplanting stage) in the Sentinel-1
VV time series. Second, multiple UCR patterns were further
depicted using vegetation, chlorophyll, and anthocyanin indices
based on the Sentinel-2 MSI time series. Finally, We present an
innovative algorithm (RRSS) designed for the automatic mapping
of upland crop–rice cropping systems by harnessing the capabili-
ties of Sentinel-1 Synthetic Aperture Radar (SAR) and Sentinel-2
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Fig. 2. The flow of the proposed RRSS algorithm.
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Multispectral Instrument (MSI) data. Maps of UCR patterns could
be derived based on the RRSS algorithm and validated using the
reference data. These mapping procedures were implemented on
the GEE platform.

3.3. Characterizing cropping patterns based on Sentinel-1 VV time
series

3.3.1. Temporal profiles of VV backscatter from cropping patterns
The temporal profiles of Sentinel-1A VV backscatter from vari-

ous land covers are shown (Fig. 3) based on selected sites. Non-
vegetated land covers show either very high or very backscatter
coefficients compared to vegetation, as observed in previous stud-
ies [49]. Among these vegetated areas, crops can be distinguished
from other vegetation covers (such as forest land) by the greater
variations of backscatter coefficients caused by cropping activities
[50]. In particular, some studies [51,52] found that paddy rice can
be discriminated from other crops by the higher dynamic ranges of
coefficients in paddy fields.

The paddy rice fields are characterized by a dropping-rising V-
shaped feature in Sentinel-1A VH/VV backscatter time trajectory
rising from the flooding signals, which has been applied for rice
mapping in recent studies [52,53]. In contrast, most upland crops
such as maize and oilseed display an upside V (K) shape feature
of VV backscatter during the growing season. The VV backscatters
of maize experienced a dynamic increase corresponding to the
development of leaves and stem elongation, followed by a decrease
during senescence (Fig. 3). However, there is one exception: the
winter wheat also illustrates a falling–rising V-shaped feature of
VV backscatter during the growing season. For winter wheat, the
VV backscatters increased during tillering (from November to the
following February), decreased during stem elongation, and then
increased during the reproductive stages from inflorescence to
ripening (Fig. 3).

3.3.2. Designing a UCR indicator based on inter-seasonal VV variations
The UCR was characterized by a broad and deep V-shaped fea-

ture of VV backscatter across two growing seasons (Fig. 3). The V
feature of VV backscatter from UCR was accounted for by the
inverted-V shape feature of the upland crop in the first season fol-
lowed by the V shape feature of paddy rice in the second season.
The bottom of the broad V shape feature of the VV backscatter from
the UCR is located in the rice transplanting season rising by flood-
ing. The top and bottom of the VV backscatter from the UCR were
strengthened by upland crop and paddy rice, respectively, in the
UCR cropping systems. Therefore, the change magnitude of VV
backscatter from the UCR was higher than that from other crop-
ping patterns of upland crops (single upland crop such as single
maize, double upland crops such as winter wheat-maize) or rice
cropping sites (single rice or double rice) (Fig. 3).

A Cropping Pattern index was proposed for mapping UCR (CPU)
based on the intra-seasonal variations in VV backscatter (Fig. 3).
The indicator of CPU was defined as:

CPU ¼ VVTop1 � VVBottom2 ð3Þ
Here VVTop1 represents the mean values of VV subsets of the top

30% in the first growing season; VVBottom2 denotes the mean values
of VV subsets of the bottom 30% in the second growing season. The
top 30% values of VV temporal profiles in the first growing season
corresponded to phenological stages with fully covered crop cano-
pies the maturing stage of tobacco), which consistently showed
higher values in VV signals (Fig. S1). The bottom 30% of the VV
temporal profile values were associated with the phenological
stages from transplanting to tillering. This period consistently
exhibited lower VV values, attributed to the presence of water
619
bodies mixed with rice plants. Analyzing the combinations of these
two subsets from adjacent growing seasons effectively revealed
the cultivation practices of UCR.

3.4. Developing CP indicators for mapping various kinds of UCR

3.4.1. Temporal profiles of vegetation and pigments indices from
different cropping patterns

Crops demonstrate dynamic patterns from the vegetation
indices’ temporal profiles during the growing season. EVI2 com-
monly increases after emergence, reaches peaks during the head-
ing stage and drops rapidly during the harvesting stages (Fig. 3).
The temporal curves of vegetation indices such as the NDVI and
EVI2 have been widely applied to discriminate among crops
[37,38]. However, there are inter-class similarities among crops
(Fig. 3).

The content of chlorophyll roughly followed synchronous
dynamic patterns of EVI2, with slightly varying temporal gaps
depending on the crop type. The chlorophyll content, vital for pho-
tosynthesis, declines when the plants mature [54]. Differing from
chlorophyll, the content of anthocyanin and carotenoids is
increased when plants grow from flowering to seeding and har-
vesting stages [55]. Anthocyanin and carotenoids are abundant in
juvenile plants for protecting plants from being overexposed to
environmental stress [55]. Thus, anthocyanin exhibited the oppo-
site temporal patterns to EVI2: the peaks of ARI were observed dur-
ing the emergence and harvesting seasons for several crops such as
paddy rice, maize, and soybean (Fig. S2).

Tobacco was distinguished by coherent dynamic patterns of VI-
ARI, which showed higher ARI values during the heading stages
(Fig. 3). Tobacco showed a much lower chlorophyll concentration
during the heading stage than other crops. These unique features
of tobacco are associated with the crop growth characteristics
and its special cropping practices such as flag-leaf removal. The life
cycle of tobacco commonly includes phenological stages starting
from germination, formation of side shoots, stem elongation,
development of harvestable plant parts (ripening of leaves), inflo-
rescence emergence, flowering, development of fruit, ripening of
seed to termination of the crop (harvesting) under no intervention.
However, differently from most crops, the leaves of tobacco are
harvested instead of the seeds, and are used for the production
of cigarettes. Farmers cut off the flag leaf and the flowers to obtain
tobacco leaves of good quality (large and yellow). The content of
chlorophyll in tobacco declines and the leaves gradually turn
yellow after the flag leaves are removed. Thus, the canopies of
tobacco are dominated by these yellow and big leaves.

The unique characteristic of oilseed is the long-lasting bright
yellow flowers, which can be detected in remote sensing images.
Recent studies have achieved great progress in oilseed mapping
by proposing a canola/oilseed index using images of the flowering
stage [56]. The foundation of the oilseed flowering-based mapping
algorithms is accurate estimation of the flowering phenology and
the availability of high-quality images during the flowering stage
[57]. It is challenging to continuously detect oilseed flowering
phenology due to the frequently cloudy and rainy weather in South
China. Besides the unique yellow flowers, oilseed also illustrated
distinctive characteristics compared to other crops. The Chl of oil-
seed continuously declined after opening or from budding stages,
which was observed from the beginning of the year to the oilseed
harvesting season. In contrast, spring or summer crops were
predominately by Chl increase during that period (Fig. S2).

3.4.2. Designing CP indicators by coupling temporal patterns of
vegetation and pigment indices

We developed two indicators for mapping the UCR patterns of
tobacco-rice and oilseed-rice, respectively. One metric, the



Fig. 3. Temporal profiles of different cropping patterns and knowledge-based CP indicators. (A) Sentinel-1 VV backscatters; (B) vegetation, CIre and ARI indices; and CP
indicators of (C) CPU, (D) SVA, (E) DEC. Notes: VV-P30, VV-P70, EVI2-P50, ARI-P50 represent respectively the 30th and 70th VV temporal profiles and the 50th of EVI2 and ARI
temporal profiles.
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Synchronization of VI-ARI (SVA), was designed to measure the
extent of co-existed positive waves of the VI-ARI temporal profiles
(Fig. 3). The index of SVA was developed based on the frequency of
co-occurred high values (high-high coupled pattern) from the
VI-ARI time series within one year. Another index, the Decline of
CIre (DEC) during the growing period, was developed to
reveal the degree of decrease in Chl during the growing season
(Fig. 3).
620
These two indicators are defined as:

SVA ¼ Count VIHigh \ ARIHigh
� �

=N ð4Þ

DEC ¼ ChlEnd-ChlHeading ð5Þ
Here VIHigh and ARIHigh represent the corresponding subsets of

VI or ARI above the medium values during the study period; N is
the number of observations in one year, which is 17 in this study
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(the temporal resolution was 10 d). The medium was exploited as
the criteria for developing the CP index for identifying tobacco-
UCR, instead of measuring the extent of consistent upward or
download trends in the VI and ARI temporal profiles. This is
because consistent trends are not the same as co-occurring high
values in two time series (Fig. 3). Estimating dynamic trends for
each observation is also more computation-intensive and the
dynamic trends of time series are very sensitive to minor changes.
The ChlHeading and ChlEnd represent CIre values during the budding
and harvesting stages of oilseed. The budding stages of winter oil-
seed are generally observed from late December to late Jan., and
the maturing stages fall within the period from May to July in
the study area. Winter oilseed shows high CIre values during the
budding stage and low CIre values during the maturing stage. For
this reason, the peaks in Jan. and the troughs during the period
May–June were applied to represent the ChlHeading and ChlEnd of
the study year for that pixel.

3.5. Algorithm for mapping UCR patterns

The proposed RRSS algorithm was implemented based on the
following procedures. First, the cropping practice of UCR was
derived using the intra-seasonal VV indicator. Second, the UCR of
tobacco rice was further extracted based on the VI-ARI coupled
indicator. Finally, another major type of UCR, oilseed rice, was
mapped using the Chl-based indicator.

if ðCPU > h1Þ; URR ¼ 1; else URR ¼ 0 ð6Þ

if ðURR ¼ 1Þ & ðSVA > h2Þ; TR ¼ 1; else TR ¼ 0 ð7Þ

if ðURR ¼ 1Þ & ðTR ¼ 0Þ & ðDEC < h3Þ; OilR ¼ 1; else OilR ¼ 0

ð8Þ
Here h1, h2 and h3 are constants and CPU, SVA, and DEC repre-

sent the respective values of these three proposed indicators
(CPU, SVA, and DEC) (Fig. 3).

The cropping pattern of UCR can be directly mapped based on
its corresponding CP indicator (CPU). The UCR-cultivated fields
consistently showed higher CPU values. These two major UCR pat-
terns, tobacco-UCR, and oilseed-UCR can be further derived from
these two indicators developed by coupling greenness and pig-
ment indices, the SVA and DEC, respectively. The proposed RRSS
algorithm is expected to be robust to the intra-class variability of
VI and SAR signals from rice cropping patterns. Even though there
were phenological shifts or varied crop growth of UCR across dif-
ferent regions (Fig. 1), these indicators could consistently identify
their targeted classes. The high-high VI-ARI coupled relationship
remained unchanged during the growing season, due to the growth
characteristic of tobacco (high anthocyanin concentration around
heading stages) (Fig. 3).

3.6. Accuracy assessment

Validations of cropping patterns in single and double-mixed
cropping regions are much more difficult than in single-cropping
regions. Instantaneous field sampling data and agricultural census
data are generally not quantified for the validation of the UCR map-
ping algorithm. This is because the agricultural census data reported
the total sown area of major crops instead of the cropping patterns.
Accuracy assessments were conducted primarily based on the refer-
ence sites. The user’s, producer’s, and overall accuracies, the kappa
index, and the F1 scores were exploited for accuracy assessment
of the UCR mapping algorithm [58]. The performance of the RRSS
algorithm was assessed through visual comparisons and validated
using representative reference areas in the XGM region.
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4. Results

4.1. The 10-m UCR map in XGM region of South China based on S1 and
S2

There were distinctive high values among the Dongting and
Poyang Lake plains examined i the map of the proposed UCR indi-
cator (Fig. 4). The designed UCR indicator was efficient in distin-
guishing UCR from cropland. The UCR cropped fields showed
greater values in the UCR indicator (Fig. 4). The other two indica-
tors, SVA and DEC, further discriminated tobacco-UCR and
oilseed-UCR from the UCR-cultivated fields. In particular, the
tobacco-UCR fields showed lower values (in blue) in the VI-ARI
coupled index (SVA), and the oilseed-UCR fields showed large val-
ues (in bright green) in the Chl-based index (DEC). The efficiency of
these three proposed UCR indicators was also indicated by some
snapshots in Fujian and Jiangxi provinces (Fig. 4). Google Earth
images and photos from the field survey revealed that the study
area was characterized by fragmented cropland dominated by
diverse and complex cropping systems including single rice,
oilseed-rice, tobacco-rice, double rice, and others (Fig. 1C, 4).

The proposed RRSS algorithm was implemented in the study
area and the first 10-m UCR data product was generated in the
XGM region using Sentinel-1 SAR and Sentinel-2 MSI time series
(Fig. 5). The planting areas of UCR were 7348 km2 in 2021, and
around one-half (48%) of UCR’s planted area was distributed in
plains. There were 5073 km2 and 1128 km2 areas of UCR fields
rotated with oilseed and tobacco, which accounted for 69.04%
and 15.35% of UCR in the study area, respectively. The oilseed
UCR is widely distributed across the study area, especially on the
Dongting Lake plain. The tobacco UCR is scattered among the
mountains and hills, especially in the south of Hunan province
and the west of Fujian province (Fig. 5). Only 29% of tobacco-rice
UCR was located in plains, much lower than that from oilseed-
rice UCR (52% cultivated in plains).

On the whole, the cropping pattern of UCR contributed to only
one-tenth (9.20%) of the officially reported total sown areas of
paddy rice (79,897 km2) in the XGM region in 2021. The ratio of
UCR to rice was low in the study area because around two thirds
of rice-sown areas were cultivated in early rice or late rice (double
rice) according to the officially reported data. There were no
reported data on UCR cultivations and UCR practice was commonly
implemented by winter or spring crops followed by middle rice
(planted in June, which is later than early rice but earlier than late
rice). The officially reported data of middle rice together with sin-
gle cropping of late rice was 26,760 km2, around one third of which
was attributed to UCR.
4.2. Mapping accuracy of the RRSS algorithm

A total of 5197 reference sites were used to evaluate the map-
ping products of UCR in the XGM region. The confusion matrix of
the UCRmap is provided in Table 1. The accuracy assessment based
on the reference sites suggested the good performance of the RRSS
algorithm. The overall accuracy of the UCR map was 91.92% and
the kappa index was 0.82. Classification of UCR achieved an F1
score of 0.88. The RRSS algorithm was capable of further distin-
guishing different UCR patterns in smallholder cropping systems.
These 1525 UCR reference sites were further applied to validate
the ability of RRSS to discriminating two major UCR patterns and
the confusion matrix is shown in Table S1. An overall accuracy of
91.08% was obtained, with a kappa index of 0.86.

The classification of oilseed-UCR achieved a user accuracy of
91.89% and a producer accuracy of 90.76% (Table S1). Among these
649 reference sites of oilseed-UCR, 34 sites were misclassified as



Fig. 4. Maps of (A) the three CP indicators, (B) the density, and some snapshots in (C) the Fujian and (D) Jiangxi provinces.
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tobacco-UCR. For tobacco-UCR, 28 sites out of 491 sites were mis-
labeled as oilseed-UCR. Good accuracy was also obtained in map-
ping results of tobacco-UCR, although tobacco-UCR was scattered
among mountainous and hilly regions. The F1 score of oilseed-
UCR and tobacco-UCR was 0.91. Several oilseed-UCR or tobacco-
UCR dominated areas or mixed planting areas were selected to
show the mapping results more clearly (Fig. 5). The generated
UCR maps are consistent with the visual-interpreted data using
the drone imagery collected during the field survey. There were
only some minor errors around the boundaries of the farmland
plot, which were introduced by the salt and pepper phenomenon
(roads or small houses). The RRSS algorithm can automatically dis-
tinguish different kinds of UCR types and generate finer-resolution
maps at a large scale without local training or adjustments.
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4.3. Spatiotemporal patterns of UCR in the XGM region during the
period 2018–2021

The RRSS algorithm was transferred across different years and
the UCR map in 2018 was obtained. The UCR maps in these two
years (2018, 2021) illustrated fairly consistent spatial patterns
(Fig. 5), which indicated that the UCR cultivation in the XGM region
was stable in recent years. The UCR cultivated area was
7537.89 km2 in 2018, which was slightly reduced by 2.52%
(190.13 km2) during the study period (2018–2021). The decline
of UCR was due to the conversions of UCR to double rice
(395.12 km2) or upland crops (77.78 km2), which were dominant
in Jiangxi province and Fujian province, respectively (Fig. S3). The
increase in UCR was mainly from single rice, which was dominant



Fig. 5. Maps of (A) UCR in the XGM region in 2018 and 2021, (B) planted area of UCR, oilseed-rice, and tobacco-rice at the county level and their fractions in various
topographies, and (C) some snapshots of RRSS mapping results in Jiangxi and Fujian provinces.
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Table 1
Accuracy assessment on UCR map based on CP reference sites.

Total UCR Non-UCR Producer accuracy (%) F1 score

UCR 1678 1525 153 90.88 0.88
Non-UCR 3519 267 3252 92.41 0.94
Total 5197 1792 3405
User accuracy (%) 85.10 95.51
Overall accuracy (%) 91.92
Kappa 0.8184
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in the eastern and northern portions of Hunan province (Fig. 6).
The net changes of UCR cultivated areas diversified among differ-
ent provinces and UCR types. The slight reduction of UCR was
jointly explained by the reductions of UCR in Jiangxi
(377.48 km2) and Fujian (107.19 km2) provinces versus a large
increase of UCR in Hunan province (294.52 km2). The reduction
of UCR was accounted for by the tobacco UCR and other UCR.
The cultivated area of tobacco-UCR decreased by 7.67% in the study
area, which was reduced by 94 km2 during the study period 2018–
2022. Differing from the tobacco-UCR, the oilseed-UCR slightly
increased (by 80 km2), especially in Hunan province (Fig. 6). There
was a large increase (442 km2, by 5.31%) in oilseed-UCR in Hunan
province, compensating for the decline in Jiangxi province (Fig. 6).

According to the agricultural census data, 18,624 km2 areas
were cultivated in oilseeds in 2021. Thus, around one fourth
(27.24%) of the oilseed sown area was rotated with paddy rice (cul-
tivated by oilseed-UCR) in the XGM region. The lower proportions
of oilseed-UCR were possibly accounted for by overestimations of
oilseeds from the agricultural census data. The ratio of UCR to oil-
seed cropping was above 50% when the oilseed map was applied
[57], which was 63.86% in Jiangxi and 54.95% in Hunan province
(there was no oilseed map in Fujian province). To our knowledge,
there was no tobacco map in the study area until now. According
to the officially reported data, there were 1494 km2 of tobacco.
The tobacco-UCR dominated tobacco cultivation. Approximately
three quarters (75.53%) of tobacco cultivation was performed as
UCR in the study area.
5. Discussion

5.1. The advantages and limitations of phenological metrics/crop
indices in large-scale crop mapping

Robust algorithms using crop indices or phenological metrics
could highlight the target crop with little reliance on training data
[52]. The crop indices have been developed to identify a series of
crops such as paddy rice, winter wheat, and canola [56]. For exam-
ple, the unique flooding signal of paddy rice has been exploited to
establish rice mapping algorithms by incorporating vegetation and
water indices, or recently by the V-shaped feature of backscatter-
ing [59,60]. These crop indices enlarged the differences between
target crops and non-target crops by exploring the unique crop fea-
tures of key phenological stages [56,61,62]. For example, the
unique phenological feature and the unique flowering signal are
critical for mapping winter wheat and oilseed [56,63,64].

Accurately estimating the phenological stages and exploring the
unique crop features during key phenological stages is the founda-
tion for discriminating crops [60]. Phenological information has
been successfully applied for automatically mapping different
crops [65]. There are three groups of phenological metrics com-
monly applied for agricultural mapping [66]. The first group is
related to the phenological dates [67,68] or the length of phenolog-
ical stages [69]. The second group is banding/spectral indices val-
ues of phenological date/stages [70]. The third group is the
statistics of bands/spectral indices values among phenological
624
dates/stages, such as the rate of changes and, zonal statistics
[66,71] (Table S2). These phenological metrics have been success-
fully applied to crop mapping, primarily using the optical time ser-
ies datasets [45]. Spectral properties at certain phenological phases
are relatively consistent across regions and years [45].

Large-scale multiple crop type mapping is still challenging, par-
ticularly in smallholder complex farming systems [20,72]. There
are at least two major groups of constraints for crop mapping in
large-scale subtropical regions using phenological metrics/crop
indices. One is the deficiency of methodology for deriving reliable
datasets of phenological dates/stages, which play a key role in dis-
criminating different crops. Another is the low data availability in
the specific crop phenological dates/stages, which are commonly
examined in subtropical regions with frequent cloud contamina-
tions [57]. The phenological dates/stages could either be estimated
by threshold-based algorithms or change detection methods [73].
However, the reliability depends on the assumption that the phe-
nological stages correspond to a certain threshold or rapid changes
in VI values, and there is no biophysical meaning for the selected
threshold [73]. Phenological metrics detection accuracy varied
among different methods, especially in tropical or subtropical
regions with more frequent cloud contaminations [74].

Agricultural systems are expected to ensure sustainable food
production to achieve the SDGs [20]. Asian countries produce over
90% of global rice and export to Africa and Europe [60]. China hosts
the largest rice bowl and the highest rice production and consump-
tion in the world [75]. There is distinctive spatiotemporal hetero-
geneity of rice cropping patterns (i.e., single rice, double rice,
UCR) across regions [13]. Multiple cropping systems such as the
UCR can promote food production and environmental sustainabil-
ity [23]. Concerns about the sustainability of rice cropping systems
demand accurate and updated maps of UCR with finer resolution at
large scale [76]. The UCR is less investigated compared to other
cropping patterns such as the winter wheat maize and double rice
[17]. A robust mapping algorithm that can cope with these above
challenges is urgently needed for generating accurate cropping
pattern data products over complex large regions.
5.2. Automatic mapping in complex cropping systems: Moving from
phenological metrics to robust CP indices

Recent agricultural remote sensing studies have moved from
crop-type mapping to directly identifying crop sequences [28].
The practice of upload crop-rice cropping systems has been widely
implemented for the benefit of increasing crop yields and improv-
ing soil health [23]. Cropping patterns mapping provides useful
information for guiding sustainable agricultural management
[27]. Accurately mapping crop patterns could enable targeting
measures for mitigating challenges under the pressure of climate
change [28,77]. Despite growing research interests in agricultural
remote sensing, there is a deficiency of automatic and robust
methodology for the direct identification of complex multiple
cropping patterns such as UCR over large spatial domains [1]. This
study filled this gap and the proposed RRSS algorithm demon-
strated good performances in subtropical regions. Agricultural



Fig. 6. CP changes in XGM region during 2018–2021. (A) map of UCR changes and some snapshots, (B) net change in UCR area at the county level; (C, D) map of intensification
potential from single rice and (E) its contributions to intensifications.
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mapping in tropical/subtropical regions is more complex due to
the single- or double-mixed cropping systems, the flexible crop
calendars, limited reference datasets irregular optical time series,
and fragmented croplands [78]. The variable cropping frequency
625
and crop phenology limit extensive applications of existing crop
mapping approaches in regions without calibrations [60,79]. Data-
sets of cropping systems with information on crop sequences were
generally derived based on annual crop type maps in the context of
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cropping intensity [80]. There are large uncertainties in existing
data products of cropping intensity and crop types in South China
dominated by small-holder farms and complex cropping systems
[78,81].

This study moved from phenological metrics to robust CP met-
rics, which adaptively characterize the key features of UCR by cou-
pling the temporal patterns of VI and pigment indices. Less
frequently used red-edge or SWIR bands-based vegetation indices
(VIs) may improve cropping pattern mapping [6]. Model perfor-
mances can be improved by incorporating phenological metrics
such as the lower quartile and median SAR values besides the phe-
nophase information [66]. The design of the RRSS algorithm was
inspired by previous knowledge-based crop mapping studies using
phenological metrics or crop indices [66]. This study further devel-
oped the CP metric by engaging the zonal statistic of SAR signals,
greenness, and anthocyanin index, which is more robust to intra-
class variabilities when compared to approaches focusing on the
local change characteristics [82]. The pigment concentration and
variations during the crop-growing period reveal the internal
physiological characteristics of crops [55]. The degree of temporal
coupling between greenness and anthocyanin reflects the differ-
ences in temporal patterns in pigment concentration of growth
season among different crops. Additionally, this study extended
the within-season SAR-based metrics to inter-season features for
characterizing the UCR cropping pattern [26,41]. For most crops,
the VV backscatters generally followed an overall dynamic pattern
of rise and drop during the growth period, which corresponded to
the increase of biomass during the green stage and the decrease of
canopy moisture during senescence [83]. Thus, the VV backscatters
from the UCR-cropped fields achieved a strong increase during the
green stage of the first crop, followed by a sharp decrease
accounted by the bare soil after harvesting and further exacerbated
by flooded fields during rice transplanting of the second crop.

The RRSS algorithm does not require these three key compo-
nents under the classic crop mapping framework: information
about cropping intensity (the number of valid cropping cycles or
peaks), accurate phenology calendar, and abundant training data-
sets [41,84]. There are at least three major advantages of the RRSS
algorithm. First, the RRSS algorithm is robust to the intraclass vari-
abilities of optical and SAR signals from the same cropping patterns
(Figs. 1, 3). These proposed CP indicators consistently highlight the
targeted class by adaptively characterizing specific cropping pat-
terns based on the dynamic patterns of SAR, vegetation, and pig-
ment indices [6]. Second, the adaptive characterization of the
annual time series datasets facilitates large-scale application with
all available cloud-free observations, which is very significant for
agricultural mapping among tropical or subtropical regions with
infrequent satellite data [85,86]. Finally, the RRSS algorithm is fully
operational for annual cropping pattern mapping with no require-
ments for localized adjustments, additional training datasets, or
specific phenological stages [87]. The RRSS algorithm is simple
and easy to understand, and can be employed to automatically dis-
criminate UCR patterns from other cropping practices. These
advantages of the RRSS algorithm promote its automatic applica-
tion to single and double-mixed cropping systems, and can be used
for generating national or even global annual UCR maps.

5.3. Mapping agricultural practices by fusing optical-SAR data for
targeted sustainable intensification

Mapping cropping patterns at a regional scale requires the
accessibility of dense time series images [6]. Sentinel-2 MSI data
provides a unique opportunity for monitoring cropping patterns
with finer spatiotemporal resolution. The unique red-edge bands
of Sentinel-2 MSI images provide valuable information about leaf
pigment and plant phenology [88]. Cropping pattern mapping
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can be improved by incorporating less frequently applied red-
edge-based spectral indices and combined applications of optical
and Synthetic Aperture Radar (SAR) data [6,29]. However, the
problem with crop mapping using optical images is frequent
cloud contamination, especially in rice-growing areas with rainy
weather [59]. SAR images can continuously provide information
on land surface roughness and canopy structures owing to the
advantages of all-weather acquisition [88]. There is a great
opportunity to generate finer-resolution large-scale agricultural
systems maps with the support of GEE and the increasing avail-
ability of time series images [66,89]. Recent studies have success-
fully applied phenological metrics in agricultural land use
monitoring based on S1 and S2 data [66]. These studies provide
encouraging results and stimulate further research to estimate
cropping practice including UCR at larger spatial domains
through fusing optical-SAR data.

This study produced 10-m maps of two major UCR types in
highly fragmented, single and double-mixed cropping systems,
XGM regions, the most rice-productive regions in China. The gen-
erated UCR maps provided more detailed information on the crop
sequences compared to previous efforts on specific crop type iden-
tification (i.e. oilseeds, paddy rice) [57,75]. Mapping minor crops
such as tobacco is even more difficult compared to these staple
crops because the spatial distribution is scattered [90]. These few
studies on tobacco mapping were conducted on small areas using
optical images [91,92]. To our knowledge, robust tobacco algo-
rithms with the capability of extensive application have not been
reported yet. This is the first time that multiple-cropped CP types,
the oilseeds or tobacco-UCR, have been automatically mapped over
large regions through a combined application of optical and SAR
time series images.

There is increasing research interest in crop identification in
recent decades and a series of datasets on crop types were gener-
ated in China [59]. Examples are the maps of single-season rice of
21 provincial administrative regions in China [93], maps of Rice
Extent and Cropping Intensity (RECI data) in the XGM region
(https://www.geodata.cn/data/datadetails.html?dataguid = 76460
845139096&docId = 1) and the annual Oilseeds Extent Maps
(REM) in the Yangtze River Economic Belt of China [57]. These crop
datasets were generated by fusing S1 and S2 time series images,
which achieved good accuracy [57]. These maps on specific crop
types generally did not provide information on cropping intensity
and crop sequences. A recent study [29] generated the cropping
intensity dataset (CIChina10m) in China through improved quan-
tifications of crop cycles based on the S1 and S2 time series. How-
ever, to our knowledge, there are no publicly available UCR
datasets with descriptions of cropping sequences in the study area.
Compared to oilseed, there is very limited research on tobacco
mapping [91] and there are no spatial-explicit maps of tobacco cul-
tivation in the XGM region.

The UCR accounted for 15.56% of multiple cropping according to
the 10 m cropping intensity (CIChina10m) in China, based on the
S1 and S2 time series data [29]. The XGM region is well adapted
to multiple cropping owing to its abundant water and temperate
conditions. However, roughly one half of cropped fields were culti-
vated in single cropping patterns such as single rice [29]. If the cul-
tivation of single rice were intensified as CP of UCR, the UCR area
could be tripled and the cropping intensity would be increased to
1.69 in 2021 in the XGM region (Fig. 6). If the cultivation of UCR
intensified from single rice were implemented by multiple crop-
ping system with oilseeds, the sown area of oilseeds would be dou-
bled in comparison with Oilseeds Extent Maps (REM) data in
Hunan and Jiangxi provinces [57]. The sown area of maximized
oilseed-UCR from the intensification of single rice
(13,469.84 km2) corresponded roughly to the officially reported
area (13,516 km2).

https://www.geodata.cn/data/datadetails.html?dataguid
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This study provided the first UCR maps with descriptions of the
crop sequences in southern China. Labor-intensive cash crops such
as tobacco cultivation decreased in the past few years (Fig. 5). The
decline of tobacco-UCR is expected to accelerate in the future,
given that younger generations are reluctant to engage in labor-
intensive tobacco farming. The oilseed-UCR experienced opposite
trends in Hunan and Jiangxi provinces, two major rice-producing
regions in China. The distinctively increased oilseed-UCR areas in
Hunan province were stimulated by comparatively higher subsi-
dies or even sowing by the local government with reference to
our field survey data. In contrast, a reduction of oilseed-UCR was
evidenced in Jiangxi province owing to the lower subsidies by
the local government. There is still great potential for increasing
UCR by intensification from single rice in southern China. Agricul-
tural machinery and government subsidies are very important for
ensuring the sustainable cropping patterns of UCR in southern
China [7].

This study suggests that the RRSS algorithm is capable of
extracting UCR fields and the crop sequences over subtropical
regions where there is a flexible crop calendar of paddy rice and
its cropping patterns. Most upland crops showed an inverted U-
shaped temporal pattern from the Sentinel-1 VV time series, which
enlarged the inter-seasonal backscatter ranges among UCR
cropping systems. However, the cropping pattern of winter
wheat-rice was not comprised in this study due to the opposite
VV temporal patterns compared to other upland crops. The UCR
fields rotated with tobacco were mapped based on the unique syn-
chronous patterns of greenness and anthocyanin. However, UCR
rotated with other solanaceous plants such as potato might show
similar VI-ARI temporal patterns to the tobacco-UCR, resulting in
commission errors. Future work could be conducted in the follow-
ing areas: First, the proposed RRSS algorithm could be extended to
identify more UCR types such as vegetable-rice and winter wheat-
rice. Second, the RRSS algorithm should be further applied to other
regions or countries based on fusing multimodal satellite time ser-
ies datasets [26]. Finally, annual updated UCR dataset products
could be generated in rice-producing countries such as China and
India). Spatiotemporal changes among cropping patterns and their
driving mechanisms could be investigated with combined consid-
erations of biophysical and socio-economic variables (topographic
conditions, cropland quality, agricultural labor, agricultural sub-
sidy) to promote targeted sustainable intensification in developing
countries.
6. Conclusions

This study developed a novel and robust algorithm for directly
deriving multiple cropping systems of UCR in tropical regions with
diverse topographic conditions and cropping systems. Existing
crop mapping approaches were challenged by variable cropping
frequency and crop phenology in single and double-mixed crop-
ping regions. This study mitigated these challenges by designing
robust metrics by exploring the distinctive inter-seasonal varia-
tions of VV backscatters introduced by upland-paddy rice cropping
system. The proposed RRSS algorithm does not require accurately
locating growth cycles or peaks, fixed temporal windows, and
training datasets, which are the foundations of the classic crop
mapping framework. This study opened a novel direction for devel-
oping crop indices based on the coupling of the temporal patterns
of greenness and pigment concentrations. The first 10-m UCRmaps
of subtropical regions in South China were generated during the
period 2018–2021, with an overall accuracy of 91.92% based on
reference sites. There were 7348 km2 areas implemented by UCR
in 2021, which were mainly cultivated by oilseed-rice (69.04% of
UCR area) and tobacco-rice (15.35% of UCR area). There are still
627
great gaps in cropping intensity, which can boost UCR areas by
three folds if filled by the cultivation of UCR in the XGM region.
Finer-resolution maps of UCR types are required for promoting tar-
geted sustainable intensification, given that rice feeds one half of
the global population and can be intensified by multiple cropping
with economic crops towards rural revitalization. The proposed
RRSS algorithm demonstrated good performances in complex
smallholder cropping systems, which can be further applied to
generate national or global 10-m high-quality UCR products.
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Mapping cropping practices on a national scale using intra-annual Landsat
time series binning, Remote Sens. 11 (2019) 232.

[81] B. Qiu, D. Lin, C. Chen, P. Yang, Z. Tang, Z. Jin, Z. Ye, X. Zhu, M. Duan, H. Huang,
Z. Zhao, W. Xu, Z. Chen, From cropland to cropped field: A robust algorithm for
national-scale mapping by fusing time series of Sentinel-1 and Sentinel-2, Int.
J. Appl. Earth. Obs. 113 (2022) 103006.

[82] B. Qiu, F. Jiang, C. Chen, Z. Tang, W. Wu, J. Berry, Phenology-pigment based
automated peanut mapping using sentinel-2 images, GISci. Remote Sens. 58
(2021) 1–17.

[83] A. Mercier, J. Betbeder, J. Baudry, V. Le Roux, F. Spicher, J. Lacoux, D. Roger, L.
Hubert-Moy, Evaluation of Sentinel-1 & 2 time series for predicting wheat and
rapeseed phenological stages, ISPRS-J. Photogramm. Remote Sens. 163 (2020)
231–256.

[84] H. Chen, H. Li, Z. Liu, C. Zhang, S. Zhang, P.M. Atkinson, A novel Greenness and
Water Content Composite Index (GWCCI) for soybean mapping from single
remotely sensed multispectral images, Remote Sens. Environ. 295 (2023)
113679.

[85] B. Qiu, D. Lu, Z. Tang, C. Chen, F. Zou, Automatic and adaptive paddy rice
mapping using Landsat images: case study in Songnen Plain in Northeast
China, Sci. Total Environ. 598 (2017) 581–592.

[86] H. Zhang, W. Liu, L. Zhang, Seamless and automated rapeseed mapping for
large cloudy regions using time-series optical satellite imagery, ISPRS-J.
Photogramm. Remote Sens. 184 (2022) 45–62.

[87] Y. Gao, Y. Pan, X. Zhu, L. Li, S. Ren, C. Zhao, X. Zheng, FARM: A fully automated
rice mapping framework combining Sentinel-1 SAR and Sentinel-2 multi-
temporal imagery, Comput. Electron. Agric. 213 (2023) 108262.

[88] A. Orynbaikyzy, U. Gessner, B. Mack, C. Conrad, Crop type classification using
fusion of Sentinel-1 and Sentinel-2 data: assessing the impact of feature
selection, optical data availability, and parcel sizes on the accuracies, Remote
Sens. 12 (2020) 2779.

[89] H. Li, X.-P. Song, M.C. Hansen, I. Becker-Reshef, B. Adusei, J. Pickering, L. Wang,
L. Wang, Z. Lin, V. Zalles, P. Potapov, S.V. Stehman, C. Justice, Development of a
10-m resolution maize and soybean map over China: Matching satellite-based
crop classification with sample-based area estimation, Remote Sens. Environ.
294 (2023) 113623.

[90] G. Peng, L. Deng, W. Cui, T. Ming, W. Shen, Remote sensing monitoring of
tobacco field based on phenological characteristics and time series image—a
case study of Chengjiang County, Yunnan Province, China, Chin. Geogr. Sci. 19
(2009) 186–193.

[91] C. Maguranyanga, A. Murwira, Mapping maize, tobacco, and soybean fields in
large-scale commercial farms of Zimbabwe based on multitemporal NDVI
images in MAXENT, Can. J. Remote Sens. 40 (2014) 396–405.

[92] X. Zhu, G. Xiao, P. Wen, J. Zhang, C. Hou, Mapping tobacco fields using UAV RGB
images, Sensors 19 (2019) 1791.

[93] R. Shen, B. Pan, Q. Peng, J. Dong, X. Chen, X. Zhang, T. Ye, J. Huang, W. Yuan,
High-resolution distribution maps of single-season rice in China from 2017 to
2022, Earth Syst. Sci. Data 15 (2023) 3203–3222.

http://refhub.elsevier.com/S2214-5141(24)00050-3/h0345
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0345
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0345
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0350
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0350
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0350
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0355
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0355
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0355
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0360
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0360
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0360
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0360
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0365
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0365
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0365
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0370
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0370
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0370
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0370
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0375
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0375
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0380
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0380
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0380
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0385
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0385
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0385
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0385
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0390
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0390
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0390
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0390
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0395
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0395
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0395
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0395
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0400
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0400
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0400
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0405
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0405
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0405
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0405
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0410
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0410
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0410
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0410
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0415
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0415
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0415
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0420
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0420
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0420
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0420
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0425
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0425
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0425
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0430
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0430
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0430
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0430
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0435
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0435
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0435
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0435
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0440
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0440
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0440
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0445
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0445
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0445
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0450
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0450
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0450
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0455
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0455
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0455
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0455
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0460
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0460
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0460
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0460
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0460
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0465
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0465
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0465
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0465
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0470
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0470
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0470
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0475
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0475
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0480
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0480
http://refhub.elsevier.com/S2214-5141(24)00050-3/h0480

	Mapping upland crop–rice cropping systems for targeted sustainable intensification in South China
	1 Introduction
	2 Study area and data sources
	2.1 Study area
	2.2 Datasets
	2.2.1 Sentinel-1 SAR images
	2.2.2 Sentinel-2 MSI images
	2.2.3 Ground-truth reference data, agricultural census data, and other datasets


	3 Methodology
	3.1 Problems of crop mapping over fragmented subtropical regions
	3.2 Overview of the framework: Moving from crop mapping to cropping pattern identification
	3.3 Characterizing cropping patterns based on Sentinel-1 VV time series
	3.3.1 Temporal profiles of VV backscatter from cropping patterns
	3.3.2 Designing a UCR indicator based on inter-seasonal VV variations

	3.4 Developing CP indicators for mapping various kinds of UCR
	3.4.1 Temporal profiles of vegetation and pigments indices from different cropping patterns
	3.4.2 Designing CP indicators by coupling temporal patterns of vegetation and pigment indices

	3.5 Algorithm for mapping UCR patterns
	3.6 Accuracy assessment

	4 Results
	4.1 The 10-m UCR map in XGM region of South China based on S1 and S2
	4.2 Mapping accuracy of the RRSS algorithm
	4.3 Spatiotemporal patterns of UCR in the XGM region during the period 2018–2021

	5 Discussion
	5.1 The advantages and limitations of phenological metrics/crop indices in large-scale crop mapping
	5.2 Automatic mapping in complex cropping systems: Moving from phenological metrics to robust CP indices
	5.3 Mapping agricultural practices by fusing optical-SAR data for targeted sustainable intensification

	6 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix A Supplementary data
	References


