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Abstract: Taking advantage of multiple new remote sensing data sources, especially from
Chinese satellites, the CropWatch system has expanded the scope of its international analyses
through the development of new indicators and an upgraded operational methodology. The
approach adopts a hierarchical system covering four spatial levels of detail: global, regional,
national (thirty-one key countries including China) and “sub-countries” (for the nine largest
countries). The thirty-one countries encompass more that 80% of both production and
exports of maize, rice, soybean and wheat. The methodology resorts to climatic and remote
sensing indicators at different scales. The global patterns of crop environmental growing
conditions are first analyzed with indicators for rainfall, temperature, photosynthetically
active radiation (PAR) as well as potential biomass. At the regional scale, the indicators pay
more attention to crops and include Vegetation Health Index (VHI), Vegetation Condition
Index (VCI), Cropped Arable Land Fraction (CALF) as well as Cropping Intensity (CI).
Together, they characterize crop situation, farming intensity and stress. CropWatch carries
out detailed crop condition analyses at the national scale with a comprehensive array of
variables and indicators. The Normalized Difference Vegetation Index (NDVI), cropped
areas and crop conditions are integrated to derive food production estimates. For the nine
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largest countries, CropWatch zooms into the sub-national units to acquire detailed
information on crop condition and production by including new indicators (e.g., Crop type
proportion). Based on trend analysis, CropWatch also issues crop production supply
outlooks, covering both long-term variations and short-term dynamic changes in key food
exporters and importers. The hierarchical approach adopted by CropWatch is the basis of the
analyses of climatic and crop conditions assessments published in the quarterly “CropWatch
bulletin” which provides accurate and timely information essential to food producers, traders
and consumers.
Keywords: CropWatch; global crop monitoring; remote sensing

1. Introduction
Food security is one of the most basic factors of our physical and intellectual wellbeing. It is a
fundamental prerequisite for a healthy and happy life. Food security is a broad concept that goes beyond
production because it requires accounting for spatial and temporal variability of food availability, as well
as physical and economic access. Accurate and timely food production information is essential to food
producers, traders and consumers.
In order to collect relevant data and to gain firsthand knowledge about the domestic and international
agricultural situations, many countries and institutions around the world have developed dedicated
agriculture monitoring systems [1] by complementing their traditional ground-based approach with
satellite remote sensing based inputs. Their objective is mostly to ensure national food security by shielding
domestic market and production from the vagaries of international markets. Such monitoring systems
typically operate at different scales, which range from the sub-national, to national and global levels.
At global and regional scales, the Crop Explorer of the U.S. Department of Agriculture (USDA)
Foreign Agricultural Service (FAS) is capable of providing near-real time crop condition and
agrometeorological monitoring information, and releases monthly global food production estimates [2].
The Global Information and Early Warning System (GIEWS) of the Food and Agriculture Organization
(FAO) mainly offers crop monitoring and food supply early warning for developing countries and
countries at risk. The Monitoring Agricultural Resources (MARS) Unit of the European Commission
(EC), Joint Research Center (JRC) focuses on assessing crop production, farming activities and rural
development for European countries. CropWatch, which was developed by the Institute of Remote
Sensing and Digital Earth (RADI) in the Chinese Academy of Sciences (CAS), has achieved
breakthrough results in the integration of methods, independence of the assessments and support to
emergency response by periodically releasing agricultural information for thirty-one countries over the
world [1,3].
National monitoring systems caught on after the Sahelian droughts in the 1970s. This includes major
food producing countries such as Argentina [4], Brazil [5], Canada [6], and India [7], but also many of
the less developed countries on all continents [8–14]. Some monitoring systems have a thematic focus (e.g.,
on nutrition: [15]) or adopt a regional approach, such as the AGRHYMET center in West Africa [16].
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Many global systems [17,18] are just a simple combination of national systems; they lack any global
overview, often remaining descriptive and paying little attention to the driving forces behind abnormal crop
conditions. NDVI and FAPAR departures from average conditions are the preferred methodology [2,19,20].
The size differences between countries and the spatial variation of agrometeorological variables within
countries are seldom considered; the methodology applied in crop monitoring systems is often obsolete,
and production estimation is the main output, which actually provides little early warning information.
Both national and global systems are mainly inherited from the Large Area Crop Inventory Experiment
(LACIE) of the 1970s, in which production was estimated as the product of yield and area [21,22]. Area
was obtained by area sampling with remote sensing while NDVI was used for crop yield estimation, in
combination with agrometeorological data [23]. A main factor behind this situation was the limited
availability and high cost of remote sensing data in the 1970s.
However, over the last two decades, a growing range of satellite remote sensing data has become
easily available and more affordable for operational use. High resolution data with global coverage
include RapidEye which can collect 4 million square kilometers of data per day at 6.5 m nominal ground
resolution with revisit time of 5.5 days at nadir [24]. The Proba-V satellite launched in 2013 can provide
global daily coverage data at 300 m resolution and five day coverage at 100 m resolution [25]. The HJ
satellite imagery covers 70% of Asia every two days [26]; the recently launched GF-1/2 is capable to
provide complete coverage of China every five days with a spatial resolution of 16 meters [27]. The
upcoming pair of Sentinel-2 satellites has a spatial resolution of 10m with revisit time of five days at the
equator, and will provide the imagery free of charge [28].
In parallel, long-term archives are now available. The AVHRR data [29] dates back more than thirty
years and the MODIS [30] and SPOT VGT [31] data sets have been collected for more than 15 years
with unified Normalized Difference Vegetation Index (NDVI) data sets. Other available long-term
products include the Tropical Rainfall Measuring Mission satellite (TRMM) data [32] and Vegetation
Health Index (VHI) products [33]. The emerging new data sources and accumulated remote sensing data
sets offer new prospect for agricultural monitoring.
This paper describes a hierarchical method of global crop monitoring that takes advantage of the
significant progress of satellite remote sensing and products, as adopted in the recently upgraded
CropWatch system, of which distinctive features and typical applications are given. The hierarchical
method in CropWatch discards the classical country-based approach to global monitoring and adopts
different scales for different indicators. Global crop monitoring in CropWatch is no longer a simple
combination of national methods and information. The new hierarchical approach ensures that analyses
look at large features before zooming into details.
2. Hierarchical Approach
Different climatic and remote sensing indicators have been selected for agricultural monitoring at
different scales in CropWatch. Figure 1 shows the hierarchical structure of CropWatch, in which a four
tier monitoring strategy was developed: global (sixty-five Crop Monitoring and Reporting Units, MRU),
regional (seven Major Production Zones, MPZ), national (thirty-one key countries) and sub-national
(subdivisions of nine large countries). Different indicators have been selected at different levels to best
characterize the environmental and agricultural information at the corresponding scale.
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Global: homogeneous crop mapping and reporting units
CropWatch Agroclimatic Indicators (CWAIs) for rainfall, air temperature,
photosynthetically active radiation, and potential biomass

Regional: Major production zones
In addition to CWAIs, Vegetation health index, uncropped
arable land, cropping intensity, and maximum vegetation
condition index

National: 31 countries
In addition to previous indicators, crop cultivated
area, time profile clustering

Increasing level of
detail, from agroclimatic to agronomic;
from 25 km pixels to
<1 km pixels

Sub-national for
large countries
Crop type proportion

Figure 1. CropWatch hierarchical crop monitoring approach.
2.1. Spatial Scale
2.1.1. Global Crop Monitoring and Reporting Units (MRU)
Sixty-five MRUs are used at the highest (global) level, mostly for environmental indicators. The main
basis for the delineation of the MRUs is the global ecological map prepared in the ambit of the FAO
Forest Resources Assessment [34], further subdivided when necessary or otherwise modified based
mainly on Köppen climate zones [35,36] and the “most suitable cereal” grids available from the Global
Agro-Ecological Zones (GAEZ) project [37]. Other sources include the major crop area and climate
division from USDA [38], global distribution of cultivable lands from Ramankutty, et al. (2002) [39]
and the crop area from Monfreda, et al. (2008) [40]. Figure 2 locates the sixty-five zones [41]. For China,
the agricultural zones from Sun (1994) [42] are adopted, which divide the country into 9 geographic
regions (Figure 3) of which only seven are relevant for production estimates.
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Figure 2. Sixty-five Monitoring and Reporting Units of the CropWatch system.

Figure 3. Seven crop monitoring sub-divisions adopted by the CropWatch System for China
(modified from Sun (1994) [42]).
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2.1.2. Major Production Zones (MPZs)
The MPZs are used for regional analyses. The zones were selected based essentially on global digital
crop maps developed by Monfreda et al. (2008) [40]. The seven MPZs currently selected include West
Africa (maize), North America (wheat, maize and soybean), South America (maize, soybean), South and
Southeast Asia (rice), Central Europe and Western Russia (barley, wheat and potato), Western Europe
(wheat, maize, barley and potato) and Southern Australia (wheat) with at least one major crop cultivated
in each MPZ. Figure 4 illustrates the seven MPZs. In the future, white potato and barley (major
contributors to food security worldwide) will be included in the CropWatch crop monitoring list.

Figure 4. Major Production Zones in the CropWatch system.
2.1.3. Countries and Sub-Country Units
The thirty-one key countries selected by CropWatch for global agricultural monitoring represent more
than 80 percent of global production and exports of maize, rice, wheat and soybean according to FAO
statistics [43]. Some countries were selected not specifically for their contribution to food production,
but because of their relevance as Asian neighbors of China and their importance for food security, as
illustrated by the inclusion of four out of the five most populated countries in Africa. Figure 5 shows the
distribution of thirty-one countries. For some of the larger countries (Argentina, Australia, Brazil,
Canada, China, India, Kazakhstan, Russia, and the United States), main administrative subdivisions are
included in the analyses.
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Figure 5. Thirty-one key countries in the CropWatch system.
2.2. Indicators
Table 1 illustrates different indicators for different scales in CropWatch. They can be divided into
four categories: CropWatch agroclimatic indicators (CWAIs), arable land use intensity indicators, crop
condition indicators and crop production indicators. Some indicators are used at multiple scales, but with
different resolution. For each scale of analysis, outputs from larger scales are also considered with
additional outputs at current scale. For instance, rainfall (R), air temperature (T), photosynthetically
active radiation (PAR) and potential biomass (BIO) are computed at the global scale to capture global
abnormal weather patterns but also at all intermediate scales down to sub-national. At sub country scale,
all the indicators listed in Table 1 are used as inputs. All the information including abnormal weather
patterns, unusual cropping patterns, crop condition and production as well as crops opted for by farmers
will be generated at sub-national scale as outputs.
Table 1. Hierarchical indicators of CropWatch. For each scale of analysis, all the indicators
of the row above are also produced. (R = CWAI for rainfall; T = CWAI for air temperature;
PAR = CWAI for photosynthetically active radiation; BIO = agroclimatic biomass production
potential; CI = Cropping intensity; CALF = Cropped arable land fraction; VHI = Vegetation
health index; VCIx = Maximum vegetation condition index; CTP = Crop type proportion).
Scale

R

T

PAR

BIO

CI

CALF

VHI

VCIx

NDVI

Global

+

+

+

+

MPZs

+

+

+

+

+

+

+

+

30+1 key
countries

+

+

+

+

+

+

+

+

+

Sub countries

+

+

+

+

+

+

+

+

+

CTP

Outputs
Abnormal
weather pattern
Unusual
cropping pattern
Crop condition
and production

+

Crops opted for
by farmers
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2.2.1. Agroclimatic Indicators
The CropWatch Agroclimatic Indicators (CWAIs) describe environmental crop growing conditions
and their departure from “normal” for R, T, PAR and BIO. The four indicators are calculated based on
global grids of rainfall, air temperature, PAR and potential biomass with spatial resolution of 25 km.
The rainfall product is generated based on TRMM data sets [44], ERA-Interim (ERA-I) and ECMWF
Operational (ERA OPE) dekad rainfall products [45]. The global air temperature is interpolated from
over 9000 station measurements from the Global Surface Summary of the Day (GlobalSOD) [46] with
ordinary Kriging. Potential biomass is adapted from the Miami Model [47] to express the maximum
possible net primary production (NPP) for a certain area assuming rainfall and temperature are the only
constraints. NPP is calculated using temperature and rainfall, and the minimum value is used as the
potential biomass in CropWatch. For a given polygon and time interval, each CWAI is computed only
over agricultural areas and using long-term average potential biomass as weighting factor (the higher
potential biomass the pixel presents, the more weight it is given) [48,49]. The potential biomass
departure is computed as the difference between accumulated biomass of the current season and the
average of recent five years.
2.2.2. Arable Land Use Intensity Indicators
In addition to agro-climatic indicators, CropWatch analyses also resort to other indicators to assess
the condition of the crops for major production zones and thirty-one key countries. The indicators fall
into two categories: arable land use intensity and crop condition.
Indicators for arable land use intensity include cropping intensity (CI) and cropped arable land
fraction (CALF). The CI describes the extent to which arable is used over a growing season. It is the
ratio of total crop area of all planting seasons in a year to the total area of arable land [50]. CropWatch adopts
the method proposed by Fan and Wu (2004) [50] based on an NDVI time-series derived from MODIS Terra
and reconstructed by the Savitzky and Golay (S-G) filter [51]. CALF is introduced to express the proportion
of currently cropped arable land in the total arable land over countries and sub-national units over a certain
period (monthly, seasonally, or annually). CALF is based on a NDVI threshold method combined with
a decision tree to identify whether an agricultural pixel is cropped or uncropped. Monthly CALF can
reveal the dynamic change of cropped arable land area [52].
2.2.3. Crop Condition Indicators
Crop condition indicators include the Vegetation Health Index (VHI) [33], maximum Vegetation
Condition Index (VCIx), crop condition development assessed by NDVI, and spatial clustering of NDVI
departure from average and the corresponding cluster profiles. VCIx indicates the relative value of the
current crop condition over the monitoring time window compared with historical data. Values for VCIx
usually vary from 0 to 1, where the high values are better crop condition and low values indicate worse crop
condition. VHI is an effective indication of the crop stress which is calculated by averaging the VCI [53] and
Temperature Condition Index (TCI). VHI is a combined indicator to monitor effect of both rainfall and
temperature on crops [54].
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For crop condition monitoring, an NDVI-based method is employed to evaluate crop condition by
inter-annual comparisons of both spatial variability (using NDVI images) and seasonal dynamics (based
on NDVI profiles [55–57]).
Based on a time series of pixel-based (raster) images, time profile clustering is a method that compares
the time profiles of all pixels and distributes them among a limited number of “typical” behaviors
(classes) that can be mapped [58–60]. Profiles of NDVI and VHI departure from the average of the last
five or twelve years are clustered in CropWatch for MPZs, countries and subdivisions of large countries.
The clustering method has the advantage of synthetically describing the characteristics of spatial
distribution of typical time profiles.
2.2.4. Crop Production Indicators
CropWatch adopts different crop area estimation methods for different countries. For China, remotely
sensed estimates of arable land area and CALF are combined with field survey based estimates of crop
type proportion (specific type area to total cropped area, also referred to as “cropping structure”) [61,62].
For other thirty key countries and provinces/states of eight large countries (the United States, Russia,
India, Argentina, Brazil, Australia, Canada and Kazakhstan), CALF is used to estimate individual crop
area using the following equation:
Crop area

a

b

CALF

(1)

where i is the current year; a and b are linear regression coefficients between cropped area from
FAOSTAT [43] or, preferably, sub-national data when available at the website of Ministry of Agriculture
or National Bureau of Statistics. If no significant regression is found, crop area is assessed based on
other sources, including international and national forecasts and reports.
As for yields, due to the differences in data availability, contrasting approaches are applied for China
and for other thirty countries. For China, three models, namely an agro-meteorological model, a remote
sensing index model and biomass-harvest index model are applied based on agro-climatic indicators,
crop condition indicators and station-based agro-meteorological observations [3,63–66], calibrated with
more than 600 agro-meteorological station data. The yields pooled from different models are combined
and averaged to predict the crop yield per spatial unit.
For other thirty key countries and sub-national administrative units, the average phenology from
easily available sources such as USDA [67] and FAO/GIEWS [68] is used to determine the growing
season. Average and maximum NDVI of the growing season for current year and reference year over a
crop specific mask combined with the yield of the reference year are used to calculate the yield of the
current year for the four crops (maize, wheat, soybean and rice) using the following equation:
Yield

max NDVI
max NDVI

or

mean NDVI
mean NDVI

Yield

(2)

where i is the current year and r is reference year; yield of the reference year is from FAOSTAT or from
national sources when available. NDVIi and NDVIr refer to the NDVI profile of the current season and
the reference season, respectively. Max (NDVI) and mean (NDVI) are the maximum NDVI and average
NDVI of the whole growing season. Abundant literature confirms that maximum NDVI or average
NDVI during the growing season is strongly related with crop yield [69–72], etc. The selection of either
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max (NDVIi)/max (NDVIr) or mean (NDVIi)/mean (NDVIr) is based on the impact of clouds on the
NDVI signal. If peak NDVI is severely impacted by clouds, mean (NDVIi)/mean (NDVIr) is be used to
represent yield variation. Otherwise, max (NDVIi)/max (NDVIr) is preferred. In deciding whether
max(NDVIi)/max(NDVIr) or mean(NDVIi)/mean(NDVIr) is used in Equation (2) for different countries
and regions we follow the approach outlined by Huang et al. (2013) [72] in their overview of NDVI-based
yield forecasting approaches for maize, rice, wheat and soybean.
For each crop type, yield is forecast before harvesting and subsequently revised after harvest using
the above method. Forecasts use actual data up to the time of the forecast and “average” data between
the time of the forecast and harvest; post-harvest estimates use only actual current season data.
2.3. Crop Supply Situation Outlook Analysis
The CropWatch global crop supply outlook includes long-term trends and short-term dynamic
changes, and follows a methodology based on three-year simple moving average (SMA) that has been
in use for the last 15 years:
,

SMA j, i
SMA j, i

1

,

2

,

3
1

SMA j, i

,
3

3

,
3

3

(3)
(4)

where SMA (j, i) is the value computed for year i and crop j based on the production of the three previous
years. SMA (j, i +1), the projected value for the next years is given by Equation (4). The comparison of
SMA (j, i+1) with SMA (j, i) indicates whether the short-term supply prospects are improving
or deteriorating.
3. Typical Outputs
3.1. Analysis of Indicators
3.1.1. Global Agroclimatic Assessment at the Global Scale
The CropWatch agroclimatic indicators (CWAIs) identify the global patterns of extreme factors which
might affect agricultural production and assess the impact of climate at the global scale. Figures 6–8
illustrate three indicators (temperature, rainfall and potential biomass) at different spatial scales.
Figure 6 shows a cold spell that affected vast expanses of land in Eurasia, including northwest India,
parts of China, central Asia and Europe, and North America in the first quarter of 2013 (January to April
2013). Figure 7 presents the dry conditions that affected large areas of the southern and northern
Mediterranean, as well as adjacent countries in central Europe from October 2013 to January 2014. Figure 8
shows the poor biomass accumulation during January to April 2014 that prevailed in eastern-central Asia,
northeast China, southern China, East Asia, two Mediterranean MRUs (northern Africa and
Mediterranean Europe, and Turkey), as well as North America, large areas of Mexico and central America
and northeast Brazil. In contrast, some large and very large positive biomass departures are identified in
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Asia (Gansu-Xinjiang; Mongolia region; Punjab to Gujarat), in Africa (Sahel; Western Cape area in South
Africa,), and in South America (some of the major agricultural areas in Brazil and Argentina).

Figure 6. January to April 2013 global map of temperature departure from the 2002–2012
average, by country and administrative subdivisions within large countries; the difference is
expressed as degrees Celsius (°C).

Figure 7. October 2013 to January 2014 global rainfall departure from the 2001–2012
average, by country and large administrative areas within large countries; the difference is
expressed as percentage of the reference (%).
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Figure 8. January to April 2014 global map of potential biomass departure from the 2001–2013
average, over sixty-five crop Mapping and Reporting Units; the difference is expressed as
percentage of the reference (%).
3.1.2. Arable Land Use Intensity Monitoring at MPZ Scale
The CI and CALF are used by CropWatch to assess the arable land use intensity. Figures 9 and 10
show the CI map in 2013 and the cropped and uncropped arable land maps of different time periods from
January 2013 to January 2014 for Western Europe. CI for Western Europe was 132% in 2013, five
percent above the previous five-year-average. Most of farmlands with double cropping system are
located in France, Germany, the United Kingdom (UK), Czechoslovakia, and Denmark while single
cropping system dominates Spain. Figure 10 indicates that much arable land is under-cropped in 2013
except for the regions in Central Spain. Land use differences between January and April 2013 and
October 2013 and January 2014 occur mainly in two areas: central Spain, and south-eastern France and
north-west Italy. In general, 96% of arable land was cropped from January to December 2013, 2% higher
than the previous five years average.

Figure 9. Cropping intensity map for Western Europe in 2013.
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b. October 2013 to January 2014

Figure 10. Cropped and uncropped arable land map for Western Europe over two time intervals.
(a) January to April 2013; (b) October 2013 to January 2014.
3.1.3. Crop Condition at Country Scale
VCIx, the graph of crop condition development based on NDVI, clusters of the time-series NDVI
departure and the vegetation health index (VHI) departure are adopted for crop condition assessment.
The indicators reflect different facets of crop condition in the main production zones and countries. VCIx
between January and July 2014 (Figure 11) indicated that crop condition was generally above average
in the main corn, soybean and cotton belt in the Contiguous United States (CONUS). Crop condition
was below average resulting from a significant decrease of rainfall between January and April 2014 in
Texas (−53%), Oklahoma (−47%), Kansas (−44%) and Nebraska (−23%). Other States suffered from
water shortage between April and July 2014 including: California (−33%), Oregon (−41%), Washington
(−28%), and Idaho (−21%). Reports from USDA, National Agricultural Statistics Service (NASS) [73]
confirm CropWatch analyses.
Variations of crop condition are described based on NDVI development in Figure 12. Crop condition
was below the historical average before mid-June due to the double impact from drought and abnormally
low temperature. After mid-June, while winter wheat harvest was ongoing, maize, soybean and rice
benefited from abundant precipitation and suitable temperature. Crop condition recovered to reach the
previous five-year average.
Spatial variations over different regions are presented by clusters of NDVI departures in Figure 13
between January and July 2014. In the main soybean and maize belt (Minnesota, Iowa, Wisconsin,
Michigan, Indiana), NDVI departure from average profiles indicate poor crop condition during January
and June due to significant decrease of PAR and abnormally low temperature. In the main winter wheat
zone, the crop condition was below average, due to serious drought in Texas and Oklahoma. In the main
rice zone, the crop condition was persistently above average thanks to favorable weather.
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Figure 11. Spatial distribution of the VCIx between January and July 2014 in the CONUS.

Figure 12. Comparison of various NDVI profiles over the maize, wheat, rice and soybean
mask for CONUS.

Figure 13. (a) The Spatial distribution of NDVI departure cluster during January and July
2014 in the United States; (b) The NDVI departure profiles associated with (a). The
horizontal line marks “0 departure”, i.e., average conditions.
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As a key descriptor of crop condition, the VHI departure cluster in Figure 14 indicates the water and
temperature stress at different growing stages. In the period from January to July of 2014, crop condition
in California and the south Texas was persistently below average due to serious water stress. In the
western parts of the soybean and corn belt, VHI was below average after April due to excessive rainfall
and abnormally low temperature from January to April in Iowa (+58%), South Dakota (+37%) and
Minnesota (+33%). VHI departure indicates that Washington, Oregon, some parts of Texas, Oklahoma,
and Kansas suffered from serious water stress, as also described in the section on VCIx. The positive
VHI departure in other regions indicates adequate water supply and favorable temperature.

(a)

(b)

Figure 14. (a) The Spatial distribution of VHI departure cluster in the United States; (b) The
VHI departure profiles associated with (a); the horizontal line denotes average conditions.
3.1.4. Crop Type Proportion for Provinces in China
Crop type proportion for China, i.e., the distribution of arable land between different crop types, is
shown in Table 2 for four major crops only. The table immediately shows the relative importance of
summer crops in terms of cultivated land: maize: 52 percent; rice: 19 percent; soybeans: 6 percent. The
provinces where maize occupied more than 70 percent of summer cultivated land include Guizhou,
Hebei, Henan, Inner Mongolia, Jilin, Liaoning, Ningxia, Shaanxi, and Shanxi, while Guangxi, Hunan,
and Jiangsu cultivates very little. It is a characteristic of the maize proportion in Table 2 that the crop
either plays a dominant part, or almost no part. There are no “intermediate” provinces. For rice, the focus
(>40 percent of land) is in Guangxi, Hunan, Jiangsu, and Sichuan; and many provinces do not cultivate
rice at all. As for soybean, it remains a subordinate crop, except for Anhui (30 percent) and the three
provinces of Guizhou, Heilongjiang and Henan where it occupies between 10 and 15 percent of the land.
Henan and Shandong are the provinces which, by far, cultivate the largest proportion of wheat. Spring
wheat is insignificant except for Gansu, Heilongjiang, Inner Mongolia and Ningxia. The bulk of the
production, however, originates in Henan, Shandong, Hebei, Jiangsu, and Anhui.
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Table 2. Crop type proportion for China 2013. Note: The numbers indicate the percentage of
the area cultivated under maize, rice, and soybean during early July and early October, and
under wheat during mid-May in 2014. The difference between 100 percent and the sum of
maize, rice, and soybean per province is “other summer crops”. * Fujian, Guangdong,
Jiangxi, and Zhejiang were not sampled because rice is by far the dominant crop among the
four major crops.
City

Maize

Rice

Soybean

Wheat

Anhui

28.86

26.76

24.17

39.21

Chongqing

52.69

26.49

3.46

19.83

50.57

0.09

0.49

25.27

Guangxi

6.29

45.88

0.08

Guizhou

82.12

2.36

15.49

Hebei

76.58

0.02

0.34

36.79

Heilongjiang

60.68

21.69

15.03

1.32

Henan

74.27

0.01

11.42

68.80

Hubei

21.81

38.31

1.03

16.36

Hunan

9.37

71.61

0.29

Inner Mongolia

77.49

0.05

0.29

5.10

Jiangsu

3.87

50.70

5.94

40.71

Jilin

79.09

14.03

1.65

Liaoning

80.85

7.56

0.42

Ningxia

72.30

13.98

0.00

20.03

Shaanxi

71.54

7.65

0.37

18.57

Shandong

54.58

0.00

0.18

57.80

Shanxi

75.50

0.00

1.08

15.74

Sichuan

28.89

44.68

3.63

28.46

Yunnan

47.22

12.78

1.97

52

19

6

Fujian *
Gansu
Guangdong *

Jiangxi *

Zhejiang *
China

3.2. Food Supply Situation
3.2.1. Global Crop Supply Prospects
Based on the three year moving average approach, CropWatch prepared the production outlook for
2013 shown in Figure 15.
The current general and global dominance of maize continues, followed by rice and wheat. In the recent
five years, the global rice and soybean production presented a steady increase. Although the global
production of wheat and maize both show a decreasing trend in the recent four years, the production of
both increased spectacularly in 2013. According to the monitoring result in January 2014, a positive trend
was observed for wheat production in the southern hemisphere, resulting in improved supply prospects.

Remote Sens. 2015, 7

3923

Figure 15. Three year moving average production of maize, rice, wheat and soybean of
major producers.
3.2.2. Production Estimates
The latest CropWatch production estimate for the 2014 season puts the production of maize and rice
(as paddy) at 993,783 and 755,513 thousand tons, respectively, both at about the same level as 2013;
wheat is up 2% (compared to last year) with 719,718 thousand tons, while soybean reaches 294,822
thousand ton, a significant increase (+6%) over the previous harvest (Table 3).
When only major producers are considered, the situation is slightly less favorable for maize (−1%
compared to last year), similar for rice (0%) and wheat (+2%), but significantly better for soybean (+9%),
indicating that minor soybean producers keep losing ground compared with the big three: United States,
Brazil, and Argentina. The figures also confirm that maize and rice continue consolidating their global
dominant role in cereal production (mostly at the expense of spring wheat).
For the major exporters, production has basically stagnated, except for soybean for which their offer
may increase.
Table 3. Global 2014 production of maize, rice, wheat, and soybean (thousand tons) and
departure from 2013 production (estimates issued in the November 2014 CropWatch bulletin).

Departure from 2013
production (%)

Maize

Rice

Wheat

Soybean

Total production

993,783

755,513

719,718

294,822

World
Top 80% producers
Rest of the world
Major exporters

0
−1
+9
−1

0
0
+6
0

+2
+2
−23
0

+6
+9
−26
+7

Note: Departures expressed as percentage compared to 2013 production.

4. Discussion
This paper proposes a hierarchical method for global crop monitoring. A four tier monitoring strategy
was developed: global (sixty-five MRUs), regional (seven MPZs), national (thirty-one key countries)
and sub-national (subdivisions of nine large countries). Thirteen climatic and remote sensing monitoring
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indicators have been selected for different scales to best characterize the agricultural information at the
corresponding scale. The thirteen indicators can be regrouped into two categories: CWAIs and crop or
“agronomic” indicators. The former describes the influence of weather factors while the latter describe crop
condition and development. The global rain, temperature, PAR and potential biomass products are used to
estimate the influence of climate factors and to analyze crop growth from the agroclimatic perspective.
Production estimation is a major output, but not the only one: Thirteen indicators provide much
information at different scales and some of them (CWAIs and CALF) can provide early warning information.
The new method discards the classical country-based approach to global monitoring and adopts
different scales for different indicators. “Global”, i.e., planetary crop monitoring is usually understood
as the monitoring of all countries worldwide in a piecewise and rather static way.
Starting at the highest level, CWAIs are used to look at agro-climatic patterns globally computed
based on rainfall, temperature and PAR at a spatial resolution of 25 km. They are spatial averages over
the polygons, but limited to cropped areas and weighted so that higher importance is given to areas with
high production potential. Although they are expressed in the same units as the underlying climatic variables,
the CWAIs are highly value-added indicators. They are first computed for sixty-five MRUs that cover the
whole globe. The MRUs correspond to very broad crop production areas. Significantly more units would be
required to capture crop geography realistically, but the purpose is to identify global environmental patterns
that, experience shows, often affect whole continents. For instance, CropWatch identified the cold spell that
occurred over much of the northern hemisphere in early 2013, or the circum-Mediterranean drought that
affected late 2013 and early 2014.
MRUs are actually based on large agro-ecological zones, but the rather “broad” terminology of MRU
was adopted for the highest level because the CWAIs can actually be used over different polygons at
any scale (because their computation covers only agricultural areas). It remains that CWAIs provide
little information about when exactly abnormal conditions occurred.
The scale below MRUs is that of seven MPZs, where, next to CWAIs the new system adds (1) time
profiles and (2) agronomically meaningful indicators, especially the area of cropped arable land as CALF.
CALF provides early warning information on crop production. VCIx assesses the current crop status
compared with the situation during the last 5 years, which gives a hint of what the crop yield level will
be; next, VHI gives additional explanation if water stress is the reason.
Abnormal conditions are measured by the departure of the indicators from the historical average
(currently 2001 to 2013), a period that is sufficiently long to have some climatological significance, but
sufficiently short to remain agronomically meaningful. Future analyses will gradually adopt fourteen
and eventually fifteen years reference periods and then stay at fifteen.
Once general patterns have been identified and described, additional tools must be brought in to look
into crop condition. For the agronomic indicators, to take into account the short-term adaptability of
farming, the reference period of five years was adopted.
Crop or “agronomic” indicators such as CI, CALF, VCIx, VHI and NDVI profiles allow the analyst
to infer crop condition and development. The new CropWatch system takes full advantages of multiple
sources of remotely sensed data and delivers more information than the traditional approach which is
based on area and yield to get the production. The indicators are most useful for decision makers: The
CI effectively measures changes in arable land use intensity (number of crops per year in a given area).
VCIx compares the current crops against historical data from the last five years. All the mentioned crop
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indicators can provide early assessments of crop productions, which provide decision makers with
separate and independent measures about future crop prospects.
The same indicators as above are resorted to at the national scale and for Chinese regions, adding
more details about the development of the season by looking at average NDVI as well as spatial
differences in NDVI profile patterns.
The global crop supply prospects have shown their usefulness. In the long run, it is certainly desirable
to develop global crop intelligence systems that have predictive capacity for a broader spectrum of
variables, and that are relevant for trade and food security planning, covering the current season and
possibly further ahead by incorporating seasonal (climate) forecasts.
Multiple domestic and international remote sensing data sources have been adopted in CropWatch,
including TRMM, FY-3A, MODIS, HJ-1, GF-1, ZY-3 and Landsat 8 satellite images. Over sixteen years
of continuous operation, CropWatch assembled historical data of area, yield and production covering
thirty-one countries in addition to ground measurements and inventories. Of special mention are the
collection of the crop type proportion, in situ biomass and yield, and production data of the main
producing provinces in China. The new remotely sensed data used in CropWatch reduce the dependence
on traditional field observations.
The validation and the accuracy assessment of CropWatch indicators are beyond the scope of this
paper. As a matter of fact, the accuracy of the used remote sensing product relies on other studies that
assessed, directly and indirectly, the accuracy of the product. In our particular case we rely on the studies
of TRMM product validation [74–76], air temperature and PAR validation [48], and the applications of
VCI, TCI and VHI [33,54,77,78]. In particular, CALF, crop type proportion and crop area have been
validated intensively over last 10 years [3,52,62]. The same products used in this paper were used with
success in other studies [2,19,20].
A rigorous “running” validation process is adopted and ensures the stable operation of the CropWatch
system and at the same time feeds its progress, making it a cutting edge agricultural monitoring system.
Starting in 2012, more than eight hundred samples covering planting area and production of maize from
close to three hundred sample plots were collected to monitor and validate the crop production at the
provincial scale in China. Data from 600 agro-meteorological sites over China are used to calibrate the
yield model. The field work for validating CropWatch indicators takes place at twenty-eight global
sites [1,52,55–56,61–63,79–95].
The purpose of the international analyses also includes the development of new indicators and an
upgraded operational methodology. Although the current focus is on food security and market planning
for major commercial crops, the methods developed have potential as well for other applications in
rangeland monitoring, risk assessment and crop insurance, to name just a few.
The thirteen indicators describe spatial patterns well. There are, however, some weaknesses that need
to be mentioned: the impact of unequal distribution of rainfall, cold spells or reduced sunshine are
insufficiently taken into account. Additional indicators are needed to better assess soil moisture and the
effect of transient adverse factors on crops, including some that are currently not systematically included
(such as potatoes or barley). Research is needed as well to model impacts of extreme factors, i.e., those
that physically damage crops (such as frost, or extreme wind speeds associated with tropical cyclones).
These factors cannot currently be modeled with sufficient accuracy, which is why they are not integrated
with other indicators by the existing crop monitoring systems.
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Another weakness is indeed the fact that CropWatch is still very indicator-oriented. It is, somehow,
paradoxical that the sophisticated models are basically unsuited for routine crop monitoring, because the
scale of crop monitoring (mostly administrative areas) has to be compatible with the scale of socio-economic
variables, such as population and food requirements. Most inputs of process-oriented models are not
compatible with that scale, and many crop model parameters (such as soil moisture holding capacity, or
crop ecophysiology, including phenology, cycle length) are just meaningless at the regional scale. The
result is that simple models, even semi-impressionistic ones (descriptive or non-parametric) are strongly
needed to be applied in regional crop monitoring.
By definition, crop monitoring is a very dynamic activity which requires that research on algorithms
and methods on crop condition assessments and forecasts be continuously monitored. This is one of the
reasons why post-factum evaluation of the past performance of forecasts is, somehow, pointless; it would
be meaningful only if the same method/data had been used for several years. In practice, methods change
over time and so do available data sources, almost annually. As a result, forecasts/estimates produced
during earlier years are no longer comparable with those obtained with current methods. Even within the
same season, early estimates include both historical data (up to the time of forecast) and “future data”
(usually assumed to be “average”, although other approaches are possible). Actually, the continuous
calibration and re-calibration of the forecasting method with the “best” current data and methods actually
plays the part of the post-factum evaluation of model performance.
In 2014, CropWatch proposed a new method to retrieve adjusted NDVI for cropped arable land during
the growing season by integrating time-series MODIS NDVI images and cropped and uncropped arable
land use maps [96]. Based on the adjusted NDVI, more accurate crop condition monitoring results are
achieved simply by removing the variance in NDVI that is caused by the change in crop area, not the
crop condition [96]. The new proposed method for crop condition monitoring is still at development
stage. All potential new analytical methods for CropWatch undergo extensive validation throughout the
globe before being incorporated into the operational system.
5. Conclusions
A new satellite-based hierarchical method of global crop monitoring is adopted by CropWatch. The new
approach reports crop impacting factors (mostly agro-climatic) over sixty-five MRUs with 4 indicators and
cropping intensity at global scale and stress (satellite-based) over 7 MPZs with 4 additional indicators.
Five additional indicators allow the analyst to infer crop condition and development at national and
sub-national scale. Global crop monitoring is no longer a simple combination of national crop monitoring
methods. Thanks to the use of nested indicators of increasing spatial and temporal resolution from the
global scale to the national and sub-national scale, an integrated assessment is developed in which “the
tree does not hide the forest”. Global and continental patterns are identified before zooming into regions,
countries and sub-national units, which can thus be described in a more synthetic fashion.
With thirteen hierarchical indicators, production estimation remains an essential but no longer the
main output. The thirteen indicators provide more outputs at different scales than national production,
for instance early warning messages for the global grain market, especially the CALF indicator and the
analyses for the seven MPZs.
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The hierarchical analyses of climatic and crop conditions assessments are published in the quarterly
“CropWatch bulletin” [97], which also provides a detailed overview of data and methods.
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