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A B S T R A C T   

Accurate estimation of cropping intensity (CI), an indicator of food production, is well aligned with the ongoing 
efforts to achieve sustainable development goals (SDGs) under diminishing natural resources. The advancement 
in satellite remote sensing provides unprecedented opportunities for capturing CI information in a spatially 
continuous manner. However, challenges remain due to the lack of generalizable algorithms for accurately and 
efficiently mapping global CI with a fine spatial resolution. In this study, we developed a 30-m planetary-scale CI 
mapping framework with the reconstructed time series of Normalized Difference Vegetation Index (NDVI) from 
multiple satellite images. Using a binary crop phenophase profile indicating growing and non-growing periods, 
we estimated pixel-by-pixel CI by enumerating the total number of valid cropping cycles during the study years. 
Based on the Google Earth Engine cloud computing platform, we implemented the framework to estimate CI 
during 2016–2018 in eight geographic regions across continents that are representative of global cropping 
system diversity. Comparison with PhenoCam network data in four cropland sites suggests that the proposed 
framework is capable of capturing the seasonal dynamics of cropping practices. Spatially, overall accuracies 
based on validation samples range from 80.0% to 98.9% across different regions worldwide. Regarding the CI 
classes, single cropping systems are associated with more robust and less biased estimations than multiple 
cropping systems. Finally, our CI estimates reveal high agreement with two widely used land surface phenology 
products, including Vegetation Index and Phenology V004 (VIP4) and Moderate Resolution Imaging 
Spectroradiometer Land Cover Dynamics (MCD12Q2), meanwhile providing much more spatial details. Due to 
its robustness, the developed CI framework can be potentially generalized to produce global fine resolution CI 
products for food security and other applications.   
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1. Introduction 

As one of the 17 sustainable development goals (SDGs) by the 
United Nations, achieving hunger and poverty eradication is ambitious 
yet facing many critical challenges. Current world population of 7.7 
billion will likely increase by 1 billion in 2030 and possibly approach 
10 billion by 2050 (UN, 2015). Such rapid growth in population, along 
with expanding biofuel uses and changing dietary preferences (Godfray 
et al., 2010; Kastner et al., 2012), requires a substantial increase in 
global food production. Given these challenges, the agriculture sector 
has a greater role than ever to play in meeting the increasing demand 
and achieving the second SDG: zero hunger. However, increasing 
agricultural production to satisfy the growing demand is not an easy 
task. Studies suggest that global agricultural production needs to 
double its current size within the next three decades to keep pace with 
the growing needs of human and livestock (Alexandratos and Bruinsma, 
2012; Tilman et al., 2011). Although statistics report that the amount of 
food produced per person has increased by more than 40% since the 
1960s with a potentially promising trend, current agriculture strategies 
have led to many environmental problems, including the occupation of 
marginal lands and desertification (Qi et al., 2020). At the same time, 
the high rate of urban expansion over the last three decades has re
sulted in huge loss of high-quality agricultural land around the world 
(d'Amour et al., 2017). Without effective strategies to increase agri
cultural production, the goal of zero hunger remains elusive. 

Cropland, whose extent includes growing crops, cropland fallows 
and plantations (Xiong et al., 2017; Phalke et al., 2020), is an essential 
asset that undergirds agriculture and hence the focus of food security. 
There are mainly two strategies for increasing annual crop production 
with regard to cropland management. The first is to expand cropland 
area by converting other land covers. For instance, to cope with the 
huge demand for commercial crops, Brazil's gross cropland area has 
doubled its size during 2000–2014, mainly through invading pasture
land and forest (Zalles et al., 2019). Despite its prominent contribution 
to increasing food production, cropland expansion is often viewed as an 
unsustainable strategy because of its environmental consequences in
cluding loss of wildlife habitat, land degradation, and greenhouse gas 
emission (Wu et al., 2018). The second strategy is to intensify the use of 
the existing cropland. Beginning in the early 1950s with Green Re
volution (Pingali, 2012), cropland intensification involves practices 
that aim to increase outputs of crop(s) per unit area through the use of 
machinery, fertilizer, pesticide/herbicide, greenhouse, irrigation. Other 
management practices, such as crop rotation, intercropping, and mul
tiple harvests, are also adopted to leave less land fallow and reduce crop 
failures (Foley et al., 2011). 

Cropping intensity (CI), defined as the number of cropping cycle(s) 
per year (Li et al., 2014; Gray et al., 2014a), is a key crop growth in
dicator and thus an important measure of food production. Despite the 
controversy on environmental impacts of intensive cultivation, the in
creasing CI plays an essential role in closing the food demand gap and 
alleviating rural poverty (Iizumi and Ramankutty, 2015; Wu et al., 
2018), especially in Asia and Africa where cultivated land resources are 
severely limited to support large populations (Xie et al., 2019). In
formation about CI is traditionally generated from existing crop ca
lendar datasets (Siebert et al., 2010) or based on national/regional 
statistics (Zaks and Kucharik, 2011). Despite their importance in food 
production assessment, current CI maps are coarse in spatial resolution 
and variable in accuracy (Liu et al., 2020). The advent of satellite re
mote sensing has revolutionized our ability to obtain information about 
agricultural practices. Efforts have been made to extract CI information 
based on remotely sensed imagery, primarily through the analysis of 
phenological cycles using high temporal frequency vegetation index 
time series (Ding et al., 2016). For example, Yan et al. (2014) estimated 
the CI distribution of mainland China by detecting EVI growing season 
peaks. This approach was also employed in a more recent study for 
global CI mapping using Global Inventory Monitoring and Modeling 

System (GIMMS) NDVI dataset (Chen, 2018). In addition to directly 
relying on time-series information, other methods including thresh
olding (Li et al., 2012), supervised classification (Singha et al., 2019) 
and temporal mixture analysis (Jain et al., 2013) have also been widely 
adopted for CI identification. 

However, to the best of our knowledge, a general framework of 
global fine resolution CI mapping is still lacking. The median resolution 
satellite data, such as MODIS is too coarse to capture within-field CI 
information due to mixed land covers or land uses (Oliphant et al., 
2019). Therefore, it becomes increasingly clear that temporally denser, 
higher spatial resolution data may provide more accurate CI informa
tion to capture crop diversity. The open archives of Landsat and Sen
tinel images offer an unprecedented opportunity for overcoming the 
obstacles in CI information extraction. These records have greatly 
promoted the construction of satellite image time series, which can be 
specialized for and beneficial to CI mapping at larger scales with fine 
resolutions. Furthermore, the rapid development of cloud computing 
platforms, such as Google Earth Engine (GEE) (Gorelick et al., 2017), 
Amazon Web Services (AWS) (Lavreniuk et al., 2018) and Microsoft 
Azure (Wilder, 2012), eases the workloads of downloading and pre
processing satellite images, thus making global CI mapping feasible. A 
recent study developed an algorithm that combines Landsat and Sen
tinel-2 data for mapping annual cropping intensity at the 30-m re
solution in mainland China, and the results showed high accuracy in 
extracting crop cycle at the country level (Liu et al., 2020). Therefore, it 
is promising to map global CI using a combination of different satellite 
datasets. 

In this study, we take a step forward by developing a new frame
work of mapping global, fine resolution CI through synergistically in
tegrating Landsat, Sentinel-2 and MODIS data to detect each phenolo
gical cycle of annual crops. The primary goal of this study is to 
demonstrate the efficiency and validity of our framework across dif
ferent geographic regions around the world. Specifically, we implement 
the framework on the GEE platform and apply it to eight selected re
gions from different climate zones that are representative of global 
cropping system diversity. We compare our results with existing land 
surface phenology products as well as in-situ data for validation, and 
discuss the potential of using this framework to operationalize global 
fine resolution CI products. 

2. Study regions and data source 

2.1. Study regions 

To validate the proposed framework on CI mapping at the global 
scale, we selected eight 10° × 10° tiles that consist of a relatively large 
portion of cropland as study regions (Fig. 1). The selected regions cover 
all the continents except the Antarctic, and are representative of the 
diversity of climate zones, cropping systems, and social cultures. To 
justify the representativeness of these regions for testing and validating 
our methods, we provide their detailed descriptions as follows. 

Africa (AF): The AF tile is situated in Southern Nigeria, Benin, Togo 
and Ghana where the tropical savanna climate prevails. Most crops are 
rainfed in this region. The monsoon rainy season normally starts in 
February/March and ends in October. Cereals (rice and maize), tubers 
(cassava), and cash crops (oil palm) are commonly cultivated. Most of 
the farmers are smallholders with little agricultural techniques im
plemented. 

Australia (AS): The AS tile covers the entire Victoria and the south 
part of New South Wales. Except for its coastal area featured by tem
perate marine climate, the majority of this region suffers an arid climate 
with frequent drought (Van Dijk et al., 2013; Wu et al., 2015). Con
strained by water availability, the single cropping system is widely 
distributed. Wheat and barley are major grain crops with large inter- 
annual production changes. The sowing period spans from May to June 
and the harvest period is from October to December. 
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East Asia (EA): The EA tile is located in North China with a warm 
temperate climate and moderate precipitation ranging from 450-mm to 
1000-mm per year. Supported by well-developed irrigation systems, 
this region is characterized by the wheat-maize double cropping 
system, leaving a small proportion of croplands occupied by single- 
season crops, including rice and cotton (Wu et al., 2014). 

East Europe (EE): The EE tile covers Southern Russia, Georgia, 
Azerbaijan and Northeast Turkey. Experiencing a temperate continental 
climate, both winter crops and summer crops are grown in this region. 
Winter crops are usually planted during August–October and harvested 
during July–August in the next year. Summer crops are sown mainly in 
May and harvested in mid-August or September. 

North America (NA): The NA tile is located in the Great Lakes region 
at the board line between Canada and the United States (U.S.), and 
featured by a humid continental climate. The fertile land and abundant 
water supply in this region support a great amount of production of 
corn, soybeans, hay crops, etc. Corn is actively planted from late April 
to early June, and harvested from September to December. Soybean, 
another major crop in NA, is usually planted during early May to 
middle June, while harvested in October or November. 

South America (SA): The SA tile is distributed in Argentina and 
covers its major agricultural producing provinces. Winter wheat, soy
bean and maize are the main crops in this region. Winter wheat is 
usually planted in June, grows across winter and is harvested from 
November to January next year, while maize is sown during 
September–December and harvested during March and after. Two types 
of soybean are cultivated in Argentina: early soybean sown in 
November and harvested in April, and late soybean sown in January 
after the harvest of wheat. 

Southeast Asia (SEA): The SEA tile encompasses the majority of the 
lower Mekong River Basin, including Central and Eastern Thailand, 

Cambodia, Laos, and most parts of Vietnam. Paddy rice is the dominant 
annual crop type in this region. Due to the large variation in agro-en
vironmental and management conditions, crops grown by farmers are 
diverse across this region, delivering a more complex situation in terms 
of cropping systems than the other seven regions. Specifically, farm
lands are delimited in relatively small size and managed by different 
households. Crops are harvested from one to three times within a year. 

West Europe (WE): The WE tile includes mainly Spain, France, 
Switzerland, Italy and Germany, where many places have a temperate 
climate with plenty of rainfall. Major cereal productions originate from 
the Paris Basin, where both natural and geographic conditions are fa
vorable for the cropping activities. For winter crops, sowing dates can 
vary from October to November, while harvesting dates can be between 
July and August. While summer crops are usually planted in a wide 
sowing window during April–May, and its harvest period lasts during 
September–November. 

2.2. Satellite data 

Satellite data captured and digitalized by Landsat, Sentinel-2, and 
MODIS were used for CI mapping. Landsat provides the longest, freely 
accessible earth observation archive, which is the most repeatedly and 
frequently used source of satellite images capable of covering the entire 
terrestrial surface (Woodcock et al., 2008). This study used ETM+ 
images from Landsat-7 and OLI images from Landsat-8, both of which 
offer continuous spatial data through the study years (2016–2018). 
Among various Landsat products, we used the category of Collection 1 
Tier 1 since it meets the quality standard, rendering itself the most 
reliable for studies using time series data (Liu et al., 2019). Sentinel-2 
MultiSpectral Instrument (MSI) is a relatively new satellite sensor 
having started observing the earth's terrestrial surface since 2015, while 

Fig. 1. Eight study regions, with each covering an area of 10°×10°, are the hotspots of global agriculture featured by diverse cropping systems. The terrain of each 
region is displayed as the background, with gray representing hill shade, white representing plain, green representing forest, and blue representing water. Red dots in 
the East Asia and North America tiles represent PhenoCam sites used in this study. (For interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.) 
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it becomes increasingly popular in remote sensing applications due to 
its relatively high spatial and temporal resolutions. For the purpose of 
harmonizing images captured by Landsat and Sentinel-2, only top-of- 
atmosphere (TOA) reflectance data were used; their poor quality or 
irrelevant observations including cloud, cloud shadow and snow were 
masked by the Function of mask (Fmask) algorithm (Zhu and 
Woodcock, 2012; Qiu et al., 2019). To reduce the error caused by 
missing Landsat and Sentinel-2 observations, we also included the 
MOD13Q1 V6 NDVI product in the data pool for time series re
construction. This vegetation index product is composited from the best 
available pixels from all the acquisitions within 16 days. Despite the 
relatively low spatial resolution (250-m), MOD13Q1 adds up plenty of 
signals that are especially useful in high cloud cover areas such as the 
lower Mekong River Basin in Southeast Asia and Southern Nigeria in 
Africa. Considering the cross-year growing cycle, the study period was 
set as three consecutive calendar years from January 2016 to December 
2018, while the average number of valid cropping cycles during the 
three years was calculated as the final output of the annual CI. 

2.3. Cropland extent data 

In this study, we used Global Food Security-support Analysis Data at 
30 m (GFSAD30) to delimit the cropland extent of interest while 
masking out irrelevant pixels. GFSAD30 provides global cropland/non- 
cropland identification at the 30-m spatial resolution for the nominal 
year of 2015 (2010 in North America). This product is divided into 
separate regional datasets for free access (Oliphant et al., 2019; Gumma 
et al., 2020; Teluguntla et al., 2018; Xiong et al., 2017). To reduce the 
bias from individual classification schemes and temporal disagreement 
between GFSAD30 and the output in our study, we incorporated an 
ensemble of three additional land cover layers for GFSAD30 refinement. 
These three land cover products include 25-m PALSAR-2/PALSAR 
Forest/Non-Forest Map (FNF) for the year of 2017, 30-m JRC Global 
Surface Water Layer (GSWL) for the year of 2017 and 38-m Global 
Human Settlement Layers (GHSL) for the year of 2015. FNF and GHSL 
were re-sized to 30-m from their original spatial resolutions using the 
majority resampling and bicubic interpolation methods, respectively 
before refining the cropland class. Based on these layers, we treated the 
GFSAD30 as the base layer and designed a set of criteria to identify 
cropland. The criteria are 1) cropland in GFSAD30; 2) non-forest in 
FNF; 3) non-water in JRC-GSWL, 4) non-built-up in GHSL. Only by 
satisfying all these criteria can one given pixel be classified as cropland. 

2.4. Reference data 

Two reference datasets (termed RD-1 and RD-2 hereafter) were 
constructed to validate the refined cropland extent map and the final CI 
outputs, respectively (Table S1). For RD-1, we first randomly created 
1000 sample points in each study region, then visually identified the 
classes (cropland or non-cropland) for the period of 2016–2018 based 
on high resolution Google Earth images. After removing points that 
were unable to be identified, there remained 765, 750, 874, 710, 513, 
925, 787 and 751 sample points for AF, AS, EA, EE, NA, SA, SEA and 
WE, respectively. For RD-2, the random sampling was applied only to 
the cropland pixels from the refined cropland extent map. In each study 
region, 500 points were collected, and their phenological cycles during 

the period of 2016–2018 were visually counted on the Geo-Wiki plat
form (http://www.geo-wiki.org/), which enables us to interpret pixel- 
level NDVI time series from multiple satellite data including Landsat, 
MODIS and PROBA-V (Bayas et al., 2017). To minimize interpretation 
bias, we also included other available resources to refine our judg
ments. For example, in EA, crop calendar and national statistical data of 
China were collected, while in NA, USDA NASS Cropland Data Layers 
(CDL) were used as an additional reference. We kept only well-inter
preted points with high-level confidence, which eventually led to 48 
(AF), 61 (AS), 90 (EA), 76 (EE), 68 (NA), 75 (SA), 85 (SEA), and 54 
(WE) sample points, respectively. 

In addition to the generated reference samples, we further obtained 
three auxiliary datasets. The first is the PhenoCam network (Richardson 
et al., 2018), which is widely used as a robust ground reference for 
remotely sensed phenology metric validation. Currently, there are only 
four PhenoCam sites on cropland within our selected regions (Table 1), 
hence all of them were incorporated in this study. Within the Phe
noCam dataset v2.0 (Seyednasrollah et al., 2019), we used mainly the 
green chromatic coordinate (GCC) index (Richardson et al., 2018) and 
in-situ phenology camera image time series for cropping cycle identi
fication. For a region of interest, the GCC index value is calculated as: 

=
+ +

GCC G
R G B

DN

DN DN DN (1)  

Where RDN, GDN and BDN denote the average red, green and blue 
digital numbers from camera image channels. The original, sub-daily 
GCC time series are further composited by calculating the 90th per
centile at 1-day and 3-day intervals, respectively. We used only the 3- 
day GCC product because it minimizes high-frequency noise (Zhang 
et al., 2018; Seyednasrollah et al., 2019; Qiu et al., 2020). 

The second auxiliary product is NASA's Vegetation Index and 
Phenology V004 (VIP4) dataset (Didan and Barreto, 2016). This dataset 
provides yearly global vegetation indices and phenology metrics from 
1981 to 2014 at a spatial resolution of 0.05°. To minimize uncertainty 
caused by temporal disagreement, we selected only the 2014 VIP4 data, 
within which the layer of the Number of Seasons (ranging from 0 to 3) 
was pulled out to support our validation. The third product is MODIS 
Land Cover Dynamics (MCD12Q2) Version 6, which provides global 
land surface phenology metrics at the 500-m resolution and annual 
interval from 2001 to 2017 (Gray et al., 2019). We chose the 2016 and 
2017 MCD12Q2, within which the layer of NumCycles was extracted, 
and their annual average result was compared to our CI estimation. 

3. Methods 

Fig. 2 shows the developed framework that aims to utilize pixel- 
level time-series information for global CI mapping on the GEE plat
form. The framework can be divided into three sequentially integrated 
parts. In the first part, we fuse data from multiple satellite instruments, 
including Landsat, Sentinel-2 and MODIS, to generate a smoothed NDVI 
image time series dataset at the 30-m resolution with a 16-day interval. 
The second part characterizes the seasonal change of cropping practices 
by dividing the entire NDVI time series profile into a temporal sequence 
of staggered segments of growing or non-growing periods. Finally, we 
derive the CI value of each pixel by enumerating the transition points 
between different periods. Detailed procedures within the framework 
are described below. 

Table 1 
Meta information of four PhenoCam sites used in this study.        

Site ID Latitude Longtitude Dominant species Data start date Data last date  

Jurong 31.8068 119.2173 summer rice-winter wheat rotation 2017-10-21 2019-11-24 
Shangqiu 34.5155 115.5950 maize and wheat 2018-01-24 2019-11-24 
Kellogg 42.4375 −85.3225 maize 2014-05-24 2019-11-18 
Urbana 40.0628 −88.1984 miscanthus 2008-11-11 2019-11-22 
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3.1. Harmonization of multi-source NDVI time series 

3.1.1. Integration of Sentinel-2 and Landsat TOA reflectance data 
Fine spatial resolution images from different satellite sensors, such 

as Landsat and Sentinel-2, bear with inconsistency in terms of the 
measured spectral features (Claverie et al., 2018). To overcome this 
multi-sensor mismatch, an inter-calibration approach was performed. 
According to Chastain et al. (2019), we converted Sentinel-2 MSI and 
Landsat-8 OLI TOA reflectance to the standard of Landsat-7 ETM+ 
using empirical transformation functions. These functions were built 
from statistical relationships between the obtained signals of equivalent 
multi-sensor spectral bands, possessing the advantage of simplifying 
processing workflows (Chastain et al., 2019; Scheffler et al., 2020). 
Based on the calibrated TOA reflectance observations, we calculated 
their NDVI values. Eventually, a 16-day NDVI composite was obtained 
by deriving the median value of all valid observations (i.e., free of 
clouds, cloud shadows, and snow) during each interval. 

3.1.2. Gap filling with MOD13Q1 
Even for fused and composited time series, missing values remain 

due to the vacancy of valid fine resolution satellite observations with a 
time length longer than 16 days. These gaps could undermine or even 
lead to the failure of CI detection. To ensure data continuity, this study 
used the MOD13Q1 NDVI product to fill temporal gaps with the fol
lowing steps. First, the 250-m MOD13Q1 NDVI product was re-sized to 
30-m using the bicubic interpolation algorithm. Then, based on pairs of 
the resampled MOD13Q1 and the fine resolution satellite observations 
that were both valid and acquired within the same interval (i.e., 16- 
day), the linear function of NDVI adjustment was derived for each pixel: 

= +Y Xa b (2) 

where X and Y denote NDVI time series of original and transformed 
MOD13Q1 NDVI, respectively; a and b are estimated coefficients (slope 
and intercept) using the least square method. Finally, missing data gaps 
were filled using the resampled, adjusted MOD13Q1 NDVI data. Since 
we used only the MOD13Q1 data in high quality, i.e., the SummaryQA 
band values are 0 (good) or 1 (marginal), an extreme case may exist, 
that is, in a 16-day interval there is no valid data from either fine re
solution satellites or MODIS. In this case, the filling NDVI value was 
determined by temporally adjacent (within 48-day) clear-sky fine re
solution observations using linear interpolation. Therefore, the gap- 

filling process results in a composited NDVI time series consisting of: 1) 
Landsat/Sentinel-2 harmonized observations (origin), 2) MODIS mod
eled values (MODIS modeled), and 3) interpolated values using ad
jacent observations (interpolated). 

3.1.3. NDVI time series reconstruction with weighted Whittaker smoother 
The gap filled NDVI time series is comprised of segments connected 

by sequentially individual points, hence required smoothing. In this 
study, the Whittaker algorithm (Whittaker, 1922) was utilized to 
smooth the NDVI time series. Compared to other smoothers, such as 
double logistic and Asymmetric Gaussian, the Whittaker smoother has 
the advantage in balancing fidelity and roughness (Eilers, 2003). More 
importantly, it is computationally efficient, allowing users to imple
ment it on the GEE platform for global-scale applications (Kong et al., 
2019). A key parameter of the Whittaker smoother is λ, which quan
tifies the degree of smoothness. A large value of λ indicates a stronger 
effort of smoothing, which nevertheless compromises the changing 
magnitude; a smaller λ value has less degree of smoothing, yet with less 
risk of eliminating the actually abrupt change(s). We employed the “V- 
curve” method (Frasso and Eilers, 2015; Eilers et al., 2017) and NDVI 
time-series data from RD-2 to seek the optimal λ. To deal with NDVI 
outliers, we included a weight updating procedure in the smoothing 
algorithm. Specifically, we assigned initial weights of 1, 0.5, and 0.2 
with respect to Landsat/Sentinel-2 observations, MODIS modeled va
lues and interpolation values. The assigned weights reflect the relia
bility of the above-mentioned data, following the order of origin > 
MODIS modeled > interpolated. Then the bisquare function (Gross, 
1977) was used for weights updating according to the residual between 
smoothed and actual observations. This operation was repeated until 
the maximum number of iterations (set at 2 in this study) was reached. 
More details on the weighted Whittaker smoother can be found in Kong 
et al. (2019). 

3.2. Creation of cropping intensity map 

3.2.1. Determination of phenophase 
Traditionally, CI was acquired from satellite sensors by detecting 

greenness peaks in a given time frame (Gray et al., 2014a; Li et al., 
2014; Liu et al., 2020). This approach is straightforward but sensitive to 
time series noise. Therefore, additional rules are usually needed to 
eliminate spuriously identified vegetation cycles (Yan et al., 2014, 

Fig. 2. Flow chart of cropping intensity mapping through multi-source data fusion and phenological cycle depiction. CV and CI denote coefficient of variation and 
cropping intensity, respectively. The symbol of k is the threshold derived as the average CV value of continuous cropping samples from RD-2. 
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2019). These subjective processes substantially hamper the CI mapping 
application at the global scale. To address this issue, here we developed 
a new CI identification method, aiming to make it more self-adaptive 
through directly counting the number of growing seasons. Fig. 3 gra
phically depicts the determination of phenophase(s) at one cropland 
pixel. First, we derived the minimum and maximum values of the entire 
study years to characterize the amplitude smoothed NDVI time series. 
Then, we included two phenology metrics, mid-greenup and mid- 
greendown, which were derived as the day of year (DOY) at the tran
sition points in the greenup and greendown periods when the smoothed 
NDVI time series passes 50% of the NDVI amplitude (Bolton et al., 
2020). Note that the defined transition points at DOYs are unlikely 
located at the exact thresholding line (i.e., 50% green line in Fig. 3); so 
we selected the nearest point (purple circles in Fig. 3) corresponding to 
a DOY record above the threshold as the transition point, reflecting the 
transitions within the greenup period of a complete cycle. Finally, these 
transition points were used to create a new binary time series profile, 
indicating the crop phenophase (growing as 1, non-growing as 0) at 
each temporal interval. An interval starting from mid-greenup and 
ending at mid-greendown is defined as a growing phenophase, and an 
interval moving from mid-greendown to mid-greenup a non-growing 
phenophase. 

3.2.2. Detection of cropping cycle(s) 
Based on the generated phenophase profile and corresponding 

transition points across 2016–2018, we derived the CI information as 
follows. First, the number of potential cropping cycles was calculated 
as: 

=N min N N{ , }pc up down (3) 

where Npc is the number of the potential cropping cycles; Nup and Ndown 

are the numbers of mid-greenup and mid-greendown transition points, 
respectively. It should be noted that this potential number may include 
cycles falsely detected due to the impact of NDVI time series outliers 
even though the smoothing procedure had been applied. A distinct 
characteristic of these false cycles is the unrealistic shortness of the 
periods (Yan et al., 2014, 2019), so we removed the false cropping cycle 

(s) by setting a lower limit of growing period to 48 days (Sakti and 
Takeuchi, 2018). Hence, the actual annual CI is: 

= N NCI ( )
3pc fc (4) 

where Npc is the number of potential cropping cycle(s), Nfc is the 
number of detected false cropping cycle(s), and the number 3 is the 
length of the study period of 2016–2018. 

Continuous cropping is very special because it usually shows a 
shorter growing period (e.g., vegetables) or a less degree of seasonality 
(e.g., evergreen cash crops) compared with other cropping systems (Fig. 
S1). Therefore, we included an additional approach for better mapping 
of continuous cropping lands. For a given pixel i: 

= > <{g i or k
otherwise( ) 1 CI 3 CV

0 (5) 

where g(i) denotes the discriminant function of continuous cropping of 
pixel i; CV is the coefficient of variation (the ratio of the standard de
viation to the mean) of the smoothed NDVI time series; k is the 
threshold calculated as the average CV value of continuous cropping 
samples from RD-2. Considering the geographical environment differ
ence, the k threshold was calculated separately for each study region. 

3.2.3. Framework implementation on the GEE platform 
We implemented our methods under the proposed framework using 

GEE, a cloud-based computing platform that enables massive compu
tational capabilities for geospatial data (Gorelick et al., 2017). We ac
cessed all available Landsat-7, Landsat-8, Sentinel-2 and MODIS image 
collections with identification indices of “LANDSAT/LE07/C01/ 
T1_TOA”, “LANDSAT/LC08/C01/T1_TOA”, “COPERNICUS/S2”, and 
“MODIS/006/MOD13Q1”, respectively. Then the image collections 
were clipped to the extents of the study regions and filtered by the study 
years. Since the current version of the GFSAD30 product is not available 
on GEE, we downloaded the eight 10° × 10° GFSAD30 tiles covering 
our study regions from the USGS (https://lpdaac.usgs.gov/tools/data- 
pool/), and uploaded these tiles to GEE Assets before conducting 
cropland extent refinement. Other datasets for cropland extent 

Fig. 3. Illustration of (a) identification of transition points (mid-greenup and mid-greendown) using 50% of the NDVI amplitude as the threshold and (b) generating 
binary phenophase time series. 
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refinement, including FNF, JRC-GSWL and GHSL, were accessed from 
GEE's public data archive. Codes for mapping CI under the proposed 
framework were executed separately in each study region. The final 
results were exported at the 30-m resolution. 

3.3. Assessment of CI detection 

3.3.1. Refined cropland extent 
Based on the reference samples of RD-1, accuracy assessment of the 

refined cropland extent in each study region was conducted by calcu
lating the confusion matrix and quantitative metrics, including overall 
accuracy (OA), producer's accuracy (PA) and user's accuracy (UA). To 
further test the balance of commission and omission errors, we also 
calculated the minimum accuracy (MA), which is defined as the 
minimum of PA and UA for all classes (Zhu et al., 2016; Liu et al., 2018;  
Xu et al., 2018). 

3.3.2. Smoothed NDVI time series 
Since there are no field measurements of radiance or reflectance at 

the sites of the collected samples (RD-2), directly validating the quality 
of the smoothed NDVI time series is impracticable. Alternatively, we 
evaluated the smoothed NDVI time series by comparing it with the 
actual clear-sky NDVI observations (Zhang, 2015) derived from the 
calibrated Landsat and Sentinel-2 TOA reflectance data. Based on the 
reference samples of RD-2, the agreement between the smoothed and 
actual NDVI time series was quantified by the Taylor diagram (Taylor, 
2001; Zhang et al., 2016). The Taylor diagram exhibits three statistics: 
the Pearson's correlation coefficient (r), the root-mean-square error 
normalized by reference standard deviation (nRMSE), and the ratio of 
smoothed to actual standard deviation (nSTD). According to the pro
portion of clear-sky observations, we divided the samples into eight 
groups (namely clear-sky observation percentage of 60%–65%, 
65%–70%, 75%–80%, 80%–85%, 85%–90%, 90%–95%, 95%–100%, 
respectively), and analyzed their performances in the Taylor diagrams. 

3.3.3. Cropping intensity maps 
Accuracy assessment for the created CI maps was performed in three 

ways. First, we applied the proposed framework in the four selected 
PhenoCam sites, and evaluated our results using the 3-day composite 
90th GCC indices and in-situ phenology camera image time series. Due 
to the limited number of PhenoCam sites, we conducted a second va
lidation method using the RD-2 samples. We generated the scatter plot 

of predicted and reference CI in each region, and evaluated the per
formance using two indicators: the coefficient of determination (R2) 
and root-mean-square error (RMSE). In addition to directly measuring 
the CI errors, we re-grouped the CI results into four classes: single 
cropping (0 < CI≤1), double cropping (1 < CI≤2), triple cropping 
(2 < CI≤3) and continuous cropping, and derived the corresponding 
confusion matrix as well as quantitative metrics including OA, PA, UA 
and MA. In the third validation method, NASA's VIP4 and MCD12Q2 
datasets were used to evaluate the performance of the CI maps, re
spectively. First, the CI maps were downscaled to 0.05° and 500-m, 
respectively, using the majority algorithm to fit the spatial resolution of 
VIP4 and MCD12Q2. We then recreated CI maps using the ceiling 
function that rounds the input value to the nearest integer greater than 
or equal to the input. This reclassification procedure transformed the 
actual CI to match the VIP4 dataset's value range (0,1,2,3), except for 
the continuous cropping pixels, which were excluded in this compar
ison. As a final step, maps of the difference between the reclassified CI 
and the two reference products, separately, were derived in each study 
region for visual interpretation and statistical analysis. 

4. Results 

4.1. Assessment of cropland extent 

Fig. 4 shows the binary cropland/non-cropland maps of the eight 
study regions. In general, all maps are in accordance with visual in
terpretation, with the percentage of cropland ranging from 8.98% to 
51.81% across different continents. Within the study regions, major 
cropping zones are commonly found in plain areas featured by suffi
cient water supply (e.g., the North China Plain in EA, the U.S. Great 
Lakes region in NA, and the Khorat Plateau in SEA). Among all study 
regions, AF bears special attention. Small-piece cropland clusters are 
scattered in Togo, Benin and Southern Nigeria characterized by het
erogeneous landscapes, indicating a dominant role played by small
holder farms in this region. 

Fig. 5 displays the results of accuracy assessment for the refined 
cropland extent used in this study. In general, we found the classifica
tions of cropland and non-cropland of all study regions have high ac
curacies, with OA ranging from 88.0% (EE) to 92.8% (NA). Similarly, 
most study regions exhibit satisfactory MA results (above 80%), except 
for AF (76.1%) and SA (79.7%) with less desirable results. Compared to 
the non-cropland class, including forest, urban, and water, the cropland 

Fig. 4. Spatial pattern of the cropland extent in each study region.  
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class displays a greater variation between PA and UA. More specifically, 
there are five regions (AF, AS, NA, SA and WE) showing higher PA 
accuracies than UA accuracies, suggesting a tendency of high com
mission errors in these regions. On the contrary, in EA, EE and SEA, 
accuracies measured by PA are slightly lower than those by UA, sug
gesting a tendency of high omission error in these regions. 

4.2. Evaluation of smoothed NDVI time series 

Fig. 6 shows the Taylor diagrams of performance evaluation for the 
multi-source NDVI time series harmonization, which is estimated by the 
actual clear-sky NDVI observations based on the RD-2 dataset. In each 
diagram, the black point is the reference, and the distance between 
black and colored dots is the normalized root-mean-square error 
(nRMSE) between the observed and harmonized values at each RD-2 
sample. The dashed line shown in purple is the nRMSE contour, with a 
0.1 increment. The radial direction indicates the ratio of harmonized to 
observed standard deviation (nSTD). The cosine of the angle from the X 
axis is the coefficient of correlation (r) between harmonized value and 
observed value depicted in dark green. Therefore, an ideal result would 
be infinitely approaching the black dot with both nSTD and r close to 1 
and nRMSE close to 0. Based on these settings, we interpret the multi- 
source NDVI time series harmonization performance in each study re
gion. Overall, the harmonized NDVI time-series data match well with 
the actual observations for most RD-2 samples, although admittedly, 

there are few outliners featured by low r levels and high nRMSE values. 
Meanwhile, the majority of harmonized NDVI time series results spread 
over a wider range with their nSTD greater than 1. We also found that 
the performances in low latitude regions (AF and SEA) are relatively 
poor compared with the other regions in middle or high latitudes. For 
example, we found 78.2% of the samples in EA showed r values higher 
than 0.9 and nRMSE less than 0.6, while only 60.8% samples in SEA 
reach the same criteria. Such differences in performance may be ex
plained by the unfavorable atmospheric conditions in low latitude re
gions. This also explains why samples with higher clear observation 
percentages (e.g., 95%–100%) exhibit smaller biases. 

4.3. Performance of cropping intensity maps 

4.3.1. Validation in PhenoCam sites 
We evaluated the performance of the extracted CI outputs by re

ferring to ground-based observations obtained from the four PhenoCam 
sites, and the results are displayed in Fig. 7. For better identification of 
cropping cycles, both GCC and the corresponding digital camera ima
gery time series are provided. We found that the estimated CIs are re
liable in reflecting cropping cycles across the four different sites. In the 
Jurong site, both PhenoCam datasets and our estimation detect a single 
cropping season from 2017 to 2018. Interestingly, the emergence of 
weeds from March to May in 2018, captured by the camera imagery, 
had little impact on the smoothed NDVI profile, indicating that our 

Fig. 5. Accuracy assessments of the cropland extent. (a) overall performance; (b) cropland performance; (c) non-cropland performance.  
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Fig. 6. Taylor diagrams for the performance of multi-source NDVI time-series harmonization. The estimation is based on the actual clear-sky NDVI observations from 
the RD-2 dataset. The black dot is the reference dot, which has the highest r (i.e., the value of 1), the mean level of the nSTD (i.e., value of 1), and the minimum 
nRMSE of 0. The purple dashed lines denote different levels of nRSME with a circle radius interval of 0.1. This figure was generated using IDLdoc 3.5.0 (http:// 
idlcoyote.com/idldoc/cg/cgtaylordiagram.html). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.) 

Fig. 7. Evaluation of the extracted CI results in the four PhenoCam sites. The black gaps in digital camera imagery records are caused by missing data.  
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algorithm is relatively robust against background noises. In the 
Shangqiu site, the temporal patterns in NDVI and GCC are close: crop 
growth reaches peaks in April, August and December, and approaches 
troughs in June and October. Similarly, in the Urbana site, the NDVI 
and GCC time series match well with each other, both identifying two 
distinct cropping cycles from January 2016 to March 2018. The Kellogg 
site exhibits the largest temporal discrepancy between the NDVI and 
GCC profiles. This disagreement may be attributed to the scale mis
match between PhenoCam datasets and satellite observations (Moon 
et al., 2019; Bolton et al., 2020). To further confirm this mismatch, we 
compared land cover conditions of the four PhenoCam sites (Fig. S2), 
and noted that the Kellogg site is featured by a more heterogeneous 
landscape, where sub-pixel spectral signatures of non-cropland covers 
may contaminate those of cropland within the 30-m NDVI pixel. 

4.3.2. Validation with collected samples 
We also examined CI accuracy by generating a scatter plot of pre

dicted and reference CI derived from RD-2 samples in each study re
gion. RMSE and R2 are used as two complementary indicators for 
quantifying the performance. Overall, our CI results well capture the 
variations of the reference data (Fig. 8), suggesting that the created CI 
maps can provide reliable estimations across different continents. Re
ferring to R2, the best performance is observed in EA (0.88), followed 
by SEA (0.84), WE (0.78) and NA (0.74), whereas AF (0.42) and EE 
(0.42) display comparatively weak correlations. Referring to RMSE, 
better performances are commonly found in regions dominated by the 
single cropping type (e.g., EE, NA, AS and WE). In contrast, larger es
timation errors are mainly distributed in regions where diverse CI types 
coexist, particularly in AF and SA with RMSEs of 0.341 and 0.300, re
spectively. 

Based on the reclassification procedure illustrated in Section 3.3.3, 
we derived the corresponding confusion matrix of the generated CI 
maps based on the RD-2 samples, and the quantitative accuracy metrics 
are shown in Table 2. We found all study regions have reasonable 
classification performances, with OAs being equal to or greater than 
80.0% and MAs ranging from 50.0% to 83.3%. In general, as expected, 
regions with less CI types exhibit better accuracy metrics than regions 
featured by more complex CI compositions. Regarding the classes of CI, 
we found that the single cropping class is more subject to commission 
errors than omission errors (PA  >  UA), meaning a higher probability 
of overestimation for the single cropping class; in contrast, the opposite 
tendency (PA  <  UA) is observed for the multiple cropping classes 
(double, triple and continuous), which indicates an underestimation of 

the multiple cropping system. This accuracy assessment by class reflects 
an overall conservative estimation by our methods, as more actual 
multiple cropping classes tend to be classified as the single cropping 
class rather than the other way. In the meantime, the triple and con
tinuous cropping classes exhibit wider variations between PA and UA 
accuracies (especially the continuous class ranging from 50.0% to 
100%), which is mainly due to the limited sample sizes for these classes. 
For example, in AF, the total number of continuous cropping samples 
for validation is only four (Table S1), of which two are actually non- 
continuous cropping class but incorrectly classified as continuous class 
leading to a commission error of 50%. This limitation originates from 
the rarity of such cases (i.e., continuous cropping systems) in reality, 
and we expect a higher, more consistent accuracy level as more samples 
become available. 

Fig. 8. Scatter plots of CI values based on our estimation and reference data. The red line and the shaded area represent the linear fitting line and 95% confidence 
interval, respectively. The frequency of specific CI value is proportional to its point size. Samples identified as continuous cropping type are excluded. (For inter
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
Accuracy assessment of CI results based on confusion matrix.        

Region Class UA% PA% OA% MA%  

AF Single 68.8 84.6 80.0 50.0 
Double 85.2 85.2 
Continuous 100.0 50.0 

AS Single 94.1 97.9 93.3 70.0 
Double 87.5 70.0 
Continuous 100 100 

EA Single 97.5 100.0 98.9 97.5 
Double 100.0 97.9 
Triple 100 100 

EE Single 92.6 95.5 89.5 50.0 
Double 62.5 50.0 

NA Single 96.5 98.2 95.6 83.3 
Double 90.9 83.3 

SA Single 70.8 100 80.6 60.0 
Double 100 60.0 
Continuous 100 100 

SEA Single 91.4 96.9 89.9 78.6 
Double 84.6 84.6 
Triple 91.7 78.6 
Continuous 100 100 

WE Single 86.1 100 90.4 73.7 
Double 100.0 73.7 
Continuous 100 100 

Total Single 89.2 97.5 90.4 76.5 
Double 92.0 79.8 
Triple 92.9 76.5 
Continuous 100 87.5    
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4.3.3. Spatial patterns and composition of cropping intensity 
Fig. 9 shows the spatial pattern and composition of CI for each study 

region at the 30-m resolution. Overall, single cropping is the primary 
agriculture system, accounting for more than half of the cropland area 
in all regions. Double cropping, on the other hand, is typically applied 
in tropical zones (AF and SEA) and intensive farming regions (EA and 
WE). Comparably, triple and continuous cropping plays a minor role 
with limited area occupation, especially in Asia (EA and SEA). 

There also exist differences in CI spatial patterns and compositions 
across the eight regions, which are subject to varying biophysical and 
anthropogenic conditions such as climate, topography, crop species and 
agricultural systems. In AF where single and double cropping are al
most half and half, single cropping lands are commonly found in rela
tively arid central Nigeria, while double cropping lands are clustered in 
the humid southern flat areas. Similarly, single and double cropping 
systems are the dominant practices in the EA, SA and WE regions. In 
particular, for EA, SA and WE, the proportions of single cropping in the 
total cropland area are 53.9%, 67.4% and 65.6%, while the proportions 
of double cropping are 45.1%, 32.6% and 34.4%, respectively, which 
appear to be related to topographic characteristics. For example, in EA, 
double cropping dominated the central part where the topography is 
fairly flat, leaving the single cropping mostly in the fringe. Among all 
the study regions, SEA has the most complex CI pattern, encompassing 
all identified cropping types. Spatially, single cropping (63.5% of the 
total area) is mainly found in the Khorat Plateau, while double cropping 

(34.4%) pixels are clustered in the Mekong River Delta, the Red River 
Delta and Central Thailand. Moreover, SEA is the only region with over 
2% of cropland pixels identified as triple and continuous cropping 
types. AS, NA and EE, all of which are located in the middle latitude 
zones with temperate climates, display relatively homogeneous CI 
patterns with the prevalence of single cropping (> 80%). 

4.3.4. Agreement with VIP4 and MCD12Q2 
Before the comparison between our estimated CI outcomes with 

existing products, it should be emphasized that neither VIP4 nor 
MCD12Q2 are considered as ground truth due primarily to their tem
poral mismatches and coarse spatial resolutions. Instead, the compar
isons offer an overall insight of agreement by treating these two pro
ducts as the baselines. In addition, the reclassified cropping intensity 
results (Section 3.3.3) are used to facilitate the comparison with these 
products. A positive value indicates that our estimated result has a 
higher number of cropping cycle(s) than the reference products, while a 
negative value indicates the opposite. Bearing these in mind, we found 
that our estimations are generally consistent with those derived from 
VIP4 and MCD12Q2, although the CI difference shows a range from −3 
to 2 (Figs. 10 and 11). 

Fig. 10 displays the spatial pattern and statistics of CI difference 
between our estimations and the 2014 VIP4 output in each region. Our 
results show overall higher CI estimation than VIP4 in AF, NA, SEA and 
WE with mean difference values of 0.537, 0.020, 0.218 and 0.174, 

Fig. 9. Spatial pattern and composition of the CI map in each study region. To facilitate analysis, original CI values are re-grouped into four classes: single 
(0 < CI≤1), double (1 < CI≤2), triple (2 < CI≤3) and continuous. 
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respectively. In contrast, overall lower estimations by our outputs are 
observed in the other four regions with mean difference values of 
−0.059 (AS), −0.293 (EA), −0.07 (EE) and −0.067 (SA). The ma
jority area of pixels with disagreement (i.e., non-zero difference) are 
associated with only one-cycle difference. The strongest agreement is 
found in NA (over 96% of zero values), followed by AS and EE with 
over 75% of agreement. In WE and SEA (about 60–70% of agreement), 
there are more pixels showing positive values, while in SA and EA the 
other way is observed. The lowest agreement level occurs in AF, where 
more than half of the estimations show one more cycle than the VIP4 
output. The spatial patterns of the agreement level also vary across 
regions. Among the three regions with clear patterns of positive values 
(AF, SEA, WE), inconsistent estimations of cropping cycles in AF are 
concentrated along the coastline while those in SEA and WE appear 
scattered. In SA, a number of positive values are sparsely distributed in 
the north part, and a similar amount of negative values are spotted in 
south and southwest. For the three regions with observable negative 
differences (AS, EA, EE), the pattern of CI disagreement in EA is con
spicuous as a large patch occupying the central part, while the patches 
of negative values in AS and EE appear diluted. Finally, in NA where 
almost no negative difference is found, a few positive values can be 
vaguely detected. 

Compared to the agreement level with VIP4, the statistical differ
ences and corresponding spatial distributions between our CI estimates 
and MCD12Q2 outputs have a higher level of agreement, although the 

spatial patterns are fairly heterogeneous (Fig. 11). Based on the statis
tics, the percentages of pixels with zero difference (i.e., our estimated CI 
value equals to the value in MCD12Q2) reach 50% or higher for all the 
study regions. Positive mean difference values are detected in six out of 
the eight regions, including AF (0.327), EA (0.105), EE (0.086), NA 
(0.079), SEA (0.175) and WE (0.215). The other two regions, AS and 
SA, exhibit overall negative values with average differences of −0.005 
and −0.021, respectively. Among the eight regions, the largest dis
agreement stands out in AF where over 30% of the total area have 
positive values, and considerable positive values are also found in WE, 
SEA, EA, EE and SA (12%–23%) and fewer in NA (7%) and AS (< 3%). 
In contrast, SA has an outstanding percentage of negative values (20%), 
but near zero negative values were found in NA and AF. Other regions 
hold relatively small percentages of negative values (approximately 
2–3%). Spatially, the pattern of positive values is visually detectable in 
four regions (AF, EA, SEA and WE), while the negative pattern appears 
only in the SA region, except a few spots along the east part of the AS 
region (Fig. 11, upper panel). Positive differences of cropping cycle in 
AF and SEA tend to be located in the coastal region and more sensitive 
to ocean climates, while in EA and WE, the distributions of positive 
values are more dispersed and complex. In the rest of the study regions 
(EE, AS, NA), patterns of disagreement, either positive or negative, are 
indiscernible, which in turn demonstrates an evident agreement be
tween our estimates and MCD12Q2 outputs. 

Fig. 10. Spatial patterns and statistics of CI difference between our estimations and the 2014 VIP4 outputs. The number on each bar represents the average difference 
value. 
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5. Discussion 

5.1. Mapping global cropping intensity at fine resolution 

Cropland is among the most complex land use types because it is 
influenced by both natural processes and anthropogenic drivers as well 
as their interactions (Li et al., 2014; Belgiu and Csillik, 2018; Liu et al., 
2020). The diversity of worldwide cropland in agro-environmental 
conditions, social-economic levels and management practices makes 
global cropping intensity mapping a challenging task. Thanks to the 
open source of the rich data archive of satellite images (Woodcock 
et al., 2008; Claverie et al., 2018), research relying on remote sensing 
techniques has made huge progress towards the goal of capturing 
comprehensive information of cropland, such as cropping extent, crop 
phenological dynamics, and related human activities for agricultural 
intensification (Whitcraft et al., 2019). Some existing products, in
cluding VIP4 and MCD12Q2, have manifested remarkable achieve
ments of deriving land surface phenology, encompassing information 
highly relevant to cropping intensity. However, these products are not 
specifically for cropland, and most of them bear with coarse spatial 
resolutions, hence raising the within-pixel contamination issue by non- 
cropland components. This issue is even more crucial in places where 
croplands are often delimited and managed in small pieces, such as 
those in Africa and Southeast Asia (Kontgis et al., 2015; Nabil et al., 
2020). 

In addition to these efforts at the global or continental scale, other 
researchers have attempted to map CI at the regional or local level from 
different perspectives. Instead of scrambling to reach a global product 
with more generalizable algorithms, they seek to approach rather high 
spatial resolution outputs within a bounded region in complementary 
or alternative ways. For example, Liu et al. (2020) proposed an algo
rithm to fuse multi-source satellite images to obtain fine resolution 
signals of cropping cycles, and then applied their approach for crop
lands in mainland China. Nevertheless, their implementation relies on 
empirical rules that are regionally specific (e.g., spectral thresholds for 
detecting the between-season troughs), so the rule-based recalibration 
and validation are required before adapting the methods in other re
gions. In summary, existing research endeavors are facing two in
herently limitations, one pertaining to a generalizable CI mapping al
gorithm at the global scale and the other concerning the fine spatial 
resolution with the aim of minimizing non-cropland contamination. 

In this study, we explicitly address these two inter-connected chal
lenges in CI mapping by designing a new framework that is more self- 
adaptive and straightforward for global-scale implementation. We 
tested the proposed framework in eight representative geographic re
gions with varying biophysical (e.g., climate, topography) and human- 
influencing (e.g., agricultural systems, cropland parcel size) conditions, 
and obtained overall satisfactory results. The main advantages of the 
new framework are threefold. 

First, compared to existing global products derived from coarse 

Fig. 11. Spatial patterns and statistics of CI difference between our estimations and the 2016–2017 averaged MCD12Q2 outputs. The number on each bar represents 
the average difference value. 
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resolution instruments like AVHRR (1000-m) or MODIS (from 250-m to 
1000-m), our CI estimation offers a much higher spatial resolution (30- 
m). Higher spatial resolution CI information is not only statistically 
useful for more accurate estimations regarding cropland management 
but also highly beneficial to the detection of subtle patterns within 
heterogeneous landscape, both of which are essential to better under
stand cropland use dynamics with anthropogenic activities (Belgiu and 
Csillik, 2018). These benefits are illustrated by a schematic comparison 
among high resolution Google Earth image (true color as a reference), 
our estimates (30-m), MCD12Q1 (500-m), and VIP4 (0.05°) based on a 
zoomed-in scene in northeast Argentina (Fig. S3). With an improved 
resolution, our estimation is associated with reduced uncertainty 
caused by sub-pixel heterogeneity, and is capable of revealing the 
hidden patterns of double cropping that would otherwise not be de
tected using coarse resolution products. Apart from the improvement of 
mapping accuracy, the 30-m CI data will potentially facilitate fine-scale 
agricultural research that was previously not applicable. For example, 
the new framework is particularly valuable for monitoring farming 
practices by smallholders, which constitutes over 50% of rural popu
lations in developing countries that are most vulnerable to food security 
and environmental challenges (Morton et al., 2006; Jain et al., 2013). 
The finer-level monitoring of cropping activities would also make it 
possible for agricultural conservation initiatives targeting and prior
itizing the least resilient farm groups. 

Second, the new framework provides the possibility of more gen
eralizable CI mapping compared to previous studies at the regional or 
local scale (e.g., Li et al., 2012; Kontgis et al., 2015; Liu et al., 2020). 
Rather than directly adopting the NDVI trajectory, the CI information in 
this study is derived from the binary phenophase time series (Fig. 3), so 
the impacts of background noises incurred by unfavorable weather 
conditions and non-agricultural land covers can be greatly reduced or 
even eliminated. As a result, the framework can be applied to various 
agro-ecological zones without much users' intervention. Moreover, the 
binary phenophase time series is less sensitive to data inconsistence, 
having the feasibility of integrating more data types (e.g., Synthetic 
Aperture Radar) for CI mapping. 

Finally, the utilization of the GEE platform enables efficient and 
effective CI mapping over a large spatial extent. With the ability of high 
computing performance, GEE has been employed for the production of 
global datasets, including forest (Hansen et al., 2013), surface water 
(Pekel et al., 2016; Pickens et al., 2020) and artificial impervious area 
(Gong et al., 2020). Similar to the experiences of these successful stu
dies, we found that GEE speeds up the entire process of the proposed CI 
mapping to a considerable degree (less than 12 h for each 10° × 10° 
region), which lays a solid foundation for its application at the plane
tary scale. 

5.2. Factors affecting the accuracy of cropping intensity mapping 

Although the framework presents substantial confidence regarding 
the global mapping of fine resolution CI, our analysis also indicates 
several issues that bear attention. The availability of reliable cropland 
extent data, which can be derived from either land cover products such 
as GlobeLand30 (Chen et al., 2015) and FROM-GLC (Gong et al., 2013) 
or specific cropland/non-cropland maps, has always been a critical 
constraint on cropland-based applications, such as CI mapping (Gray 
et al., 2014a). For this work, we selected GFSAD30 as the base crop
land/non-cropland map, which provides the 30-m distribution of global 
cropland that is explicitly distinguished from other land cover types. 
Despite overall high accuracies, classification errors still exist in 
GFSAD30 (Xiong et al., 2017), even after a refinement procedure to 
combine it with three additional land cover products. In particular, we 
found less desirable performances of the cropland/non-cropland layer 
in AF and SA (Fig. 5), which is likely due to the inclusion of some 
grasslands as cropland extents in GFSAD 30 (Fig. S4). These errors are 
likely to be propagated to the final CI outputs, making the validation 

and comparison results (especially those statistics) less informative. 
During the process of constructing time series, we smoothed NDVI 

time-series data by incorporating multiple satellite sensors, including 
Landsat, Sentinel-2 and MODIS, aiming to increase the frequency of 
clear-sky observations. The reconstructed NDVI image cubes, with a 
temporal resolution of 16-day, prove to work well in general for mod
eling the phenological behavior of cropping intensity. Nevertheless, a 
few outliers, particularly in cloudy, tropical regions where missing 
observations are common, persist according to our evaluation (Fig. 6). 
Additionally, the regression-based data gap filling from MODIS can be 
influenced by the mismatch of spatial resolutions (i.e., 30-m versus 250- 
m) and spectral bandwidths, both of which can result in the less sa
tisfactory regression performance, especially in more heterogeneous 
areas (Fig. S5). 

The identification of phenophase cycles is also associated with as
sumptions that should be further verified. In this study, we adopt the 
threshold of 50% of the NDVI amplitude as the transition point to 
identify crop phenophase cycles. This threshold assumption, however, 
may be violated in extreme but rare cases. For example, in Northeast 
China, it is common practice to plant more than one crop types in the 
same field. Such a cropping strategy would result in a nuanced shallow 
trough in NDVI time series due to the different harvest time (Gray et al., 
2014a), which would probably cause our framework less reliable in 
these particular areas. 

Comprehensive assessment of CI mapping accuracy continues facing 
challenges primarily due to the lack of directly comparable reference 
(Li et al., 2014; Kontgis et al., 2015). In this study, we use three as
sessment data sources: the PhenoCam network, collected samples and 
comparable land surface phenology products. Given the capacity of 
depicting phenological signals across the whole canopy, the PhenoCam 
network provides the most valuable information for CI accuracy as
sessment. Unfortunately, the network of PhenoCam spots is sparse on 
cropland with relatively short temporal coverage, limiting its world
wide applications. Moreover, the scale mismatch between near-ground 
measurement footprint and satellite image pixel size (i.e., 30-m) can 
bring additional uncertainties for CI estimation (Fig. S2). Regarding the 
second validation source, the collected samples are extracted through 
visual interpretation of multiple NDVI time-series data, which in
evitably contains errors (Foody et al., 2016). Besides, there may exist an 
imbalanced sampling among different cropping types, that is, the 
sample size is limited for cropland with higher CI values. In particular, 
some continuous cropping pixels were identified based on the CV values 
of the collected samples (i.e., RD-2), and a small size of sample may 
lead to less reliable classification of the continuous cropping type. This 
is evident by its wide range of accuracy assessment (50%–100%) as 
shown in Table 2. In terms of the last data source for testing the 
agreement level, we use two land surface phenology products (VIP4 and 
MCD12Q2) to conduct pixel by pixel comparisons. In addition to the 
spatial mismatch mentioned above, another primary cause of the CI 
difference may be the inconsistent algorithm structures of identifying 
phenological seasons. In particular, in our estimates and MCD12Q2, a 
valid phenology season should include both greenup and greendown 
segments, whereas in VIP4 this requirement is not needed, possibly 
resulting in the “partial seasons”. Such discrepancy is likely to explain 
most of the CI difference due to the planting of winter wheat in the 
North China Plain (the EA tile in Fig. 10). 

5.3. Methodological and practical implications 

This study offers both methodological and practical implications 
from the implementation of our CI mapping framework, directing to a 
plethora of potential future endeavors. Methodologically, there is room 
for improvement in each of the main components of the current fra
mework. The derivation of cropping intensity specific to crop phe
nology requires as sufficiently accurate cropland extent as possible to be 
commensurate with the spatial scale of interest (i.e., 30-m). In this 
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study, the extraction of cropland area mainly relies on the accuracy of 
GFSAD30, and other three complementary products (FNF, GSWL, and 
GHSL). To achieve a more reliable cropland extent, many other pro
ducts or methods can be taken advantage of, while the way of multi- 
source integration should be carefully paved. For example, grassland 
pixels displaying low seasonality can be effectively removed from the 
cropland layer in GFSAD30 by setting a lower NDVI amplitude 
threshold, although such a thresholding procedure may cause omission 
errors in areas with low density of planting crops. 

As another critical step in generating continuous NDVI signals, time 
series smoothing can impact the determination of thresholds that 
identify crop phenophase(s). The refinement of data smoothing can 
focus not only on incorporating more reliable observations from im
proved satellite archives, such as the Harmonized Landsat and Sentinel- 
2 (HLS) surface reflectance dataset (Claverie et al., 2018), but also on a 
more suitable smoothing parameter(s) that seeks to balance handling 
outliers and retaining seasonality. In the determination of transition 
points of crop phenology, systematic testing and identification of the 
phenophase are of paramount importance for outcome sensitivity. In 
this study, we adopt the most widely applied greenness index, NDVI, for 
the representation of crop phenological trends, which might be dif
ferent from those derived from an alternative index (e.g., Enhanced 
Vegetation Index). Meanwhile, more auxiliary data, in addition to ve
getation indices, can also be useful to enhance the robustness of period 
segmentation. For instance, land surface temperature (LST) information 
can be leveraged to limit the potential growing periods (Dong et al., 
2016), while Land Surface Water Index (LSWI) may be better at in
forming multiple-season rice planting (Ding et al. 2020). Last but not 
least, within the current scope, we only select eight geographic regions 
with an emphasis on testing algorithm performance, which limits the 
use of existing field measurements outside the study regions. When 
moving onto the product generation of global CI maps, a more com
prehensive validation using all available in-situ observations (e.g., the 
FLUXNET network) can consolidate the reliability of the current algo
rithms. 

As a milestone that dovetails this study, the Version 1 global CI 
product at the 30-m resolution is currently under development for the 
period of 2016–2018, and will be publicly available in the near future. 
We expect that the product will provide the user community with new 
insights into the global agriculture practices that have not been fully 
reflected in existing datasets, and therefore enlighten innovative crop
land management by public and non-governmental sectors. Moreover, 
given the worldwide CI distribution with fine spatial resolution, re
levant studies with more sophisticated and comprehensive ideas will be 
possibly crafted. For example, multiple cropping, as one type of agri
cultural intensification, can help explain some of the seasonal variations 
in global carbon uptake (Gray et al., 2014b), thus carrying the potential 
for combating climate change under current and future scenarios. Fi
nally, using this product as the baseline, along with the integration of 
time-series algorithms, the study may be extended to monitor the spa
tial-temporal dynamics of global CI over the past decades, making it 
possible to examine their drivers from both biotic and abiotic processes. 
Only by fully understanding such complex processes can the sustainable 
development goals be better achieved. 

6. Conclusions 

Fine resolution mapping of global CI is a challenging task from al
most every aspect of remote sensing, including data acquisition, crop
land extent extraction, time series modeling, phenological cycle iden
tification and accuracy assessment. In this study, we develop a novel 
framework for CI estimation using multiple satellite data and the GEE 
platform. Experimental results in eight representative regions across the 
globe reveal the feasibility of this framework. Three major conclusions 
can be reached. First, the integration of multi-source satellite data, in
cluding Landsat, Sentinel-2 and resampled MODIS, shows a great 

potential of revealing cropping practices with high spatial (30-m) and 
temporal (16-day) resolutions, which can facilitate the detection of 
multiple cropping systems with applications of cropland management 
by smallholders. Second, the utilization of binary phenophase profile 
rather than original vegetation greenness time series reduce additional 
uncertainties, and is demonstrated to be highly self-adaptive for CI 
identification across continents with varying biophysical and anthro
pogenic contextual settings. Finally, the global CI estimation should 
embrace advanced computing platforms such as GEE to improve map
ping efficiency and effectiveness. We expect that the continuing en
deavor of generating global CI products under our framework will 
benefit a variety of scientific researches on agriculture in line with the 
zero-hunger goal by the United Nations. 
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