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Crop production is among the most extensive human activities on the planet – with critical importance 
for global food security, land use, environmental burden, and climate. Yet despite the key role that 
croplands play in global land use and Earth systems, there remains little understanding of how spatial 
patterns of global crop cultivation have recently evolved and which crops have contributed most to 
these changes. Here we construct a new data library of subnational crop-specific irrigated and rainfed 
harvested area statistics and combine it with global gridded land cover products to develop a global 
gridded (5-arcminute) irrigated and rainfed cropped area (MIRCA-OS) dataset for the years 2000 to 
2015 for 23 crop classes. These global data products support critical insights into the spatially detailed 
patterns of irrigated and rainfed cropland change since the start of the century and provide an improved 
foundation for a wide array of global assessments spanning agriculture, water resource management, 
land use change, climate impact, and sustainable development.

Background & Summary
Croplands account for 13% of the planet’s habitable land1,2. On the one hand, crop production is central to 
ensuring the food security of an ever-growing global population and supporting the livelihoods of more than a 
billion people. On the other hand, it exerts a profound influence on Earth systems – imposing substantial envi-
ronmental burdens for water3, land4, greenhouse gas emissions1,2, biogeochemical cycles5, and biodiversity6,7 and 
modifying land-atmosphere interactions8. These benefits and impacts of crop production are highly dynamic 
across space and time and are in large part influenced by the specific crops being cultivated in a particular 
place1,2. Given the outsized role that crop production will likely continue to play in determining the overall eco-
nomic, social, and environmental sustainability of humanity, it is essential to better understand global patterns 
of cropped areas, how these patterns have recently evolved, and which crops have contributed most to these 
changes.

Several initiatives have begun to address the challenges of mapping spatial patterns and temporal trends in 
global irrigated and rainfed cropped areas. Datasets on the extent of rainfed and irrigated cropland have been 
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developed at global9 and regional10 scales, but the limited spatial (i.e., restricted to specific regions) and tem-
poral (i.e., constrained to particular years) coverage of these analyses hinders a comprehensive assessment of 
crop-specific changes since the beginning of the century. A growing number of studies have also attempted to 
map irrigated areas or crop types at global or national scales using satellite imagery and remotely sensed data10–

12. While these approaches provide finer spatial resolution, the resultant data products are often inconsistent with 
official statistics and do not combine information on irrigation status and crop type. Other datasets2,13,14 offer 
greater temporal coverage but at coarser spatial resolutions (i.e., national or sub-national administrative units), 
limiting their utility in spatially explicit assessments or modeling of rainfed and irrigated cropland changes. 
A few existing global gridded products on crop-specific irrigated and rainfed areas have also been developed 
– namely GAEZ15–17 (Global Agroecological Zones), SPAM18–20 (Spatial Production Allocation Model), and 
MIRCA200021 (Monthly Irrigated and Rainfed Cropped Areas) – with limitations on either temporal coverage 
or intra-annual granularity. While all of the efforts described above have provided valuable insights into aspects 
of either spatial patterns or temporal trends of global cropland areas, there remains a critical need for integrated 
information that is both spatially and temporally detailed on global changes in crop-specific irrigated and rain-
fed areas in the 21st century.

Here, we address this gap by developing the MIRCA-OS dataset, a global gridded (5-arcminute) crop-specific 
irrigated and rainfed cropped area dataset of the 21st century (2000–2015). Through an improved method-
ology based on that used for the MIRCA200021 dataset (Fig. 1), we first leverage a global assessment of food 
production data22 to build a comprehensive data library of municipal- to national-scale crop-specific irrigated 
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Fig. 1 Workflow used to develop the MIRCA-OS dataset. A unit code is a seven-digit unique identifier assigned 
to each spatial unit. The first three digits correspond to the M49 United Nations country code, while the 
remaining four digits uniquely identify each spatial unit.
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and rainfed harvested area statistics – covering 23 crop classes (Table 2) for all study years and all countries 
from the best available international and national data sources (Table 1). We then combine this data library 
with information on updated crop-specific and spatially detailed planting and harvesting dates23,24 to produce 
crop calendars for each administrative unit and crop. Within each administrative unit, crop-specific irrigated 
and rainfed harvested areas are spatially allocated to 5-arcminute grid cells based on a sequential and iter-
ative downscaling approach constrained by information on crop-specific harvested area (HA)15–17, cropland 
extent (CE)25, and area equipped for irrigation (AEI)26. In doing so, we produce five main data products: 1) 
crop calendars for irrigated and rainfed crops (CC-I & CC-R), 2) monthly growing area grids for irrigated 
and rainfed crops (MGAG-I & MGAG-R), 3) maximum monthly growing area grids for irrigated and rainfed  
crops (MMGAG-I & MMGAG-R), 4) maximum monthly cropped area grids for irrigated and rainfed crops  
(MMCAG-I & MMCAG-R), and 5) annual harvested area grids for irrigated and rainfed crops (AHAG-I & 
AHAG-R). All data products, input datasets, code, and metadata are publicly available on HydroShare27. We also 
provide aggregations at the 0.5° resolution to align with global assessment model needs. These data products 
hold great potential for enabling a new understanding of fine-scale patterns and temporal evolution of global 
irrigated and rainfed croplands and can contribute directly to informing multi-scalar efforts on food security, 
water sustainability, climate adaptation, and development at national and international levels.

Methods
We develop global gridded (5-arcminute) maps of crop-specific irrigated and rainfed areas for 5-year timesteps 
from 2000 to 2015 for 23 crop classes – barley, cassava, cocoa, coffee, cotton, fodder, groundnuts, maize, millet, 
oil palm, potatoes, pulses, rapeseed, rice, rye, sorghum, soybeans, sugar cane, sugar beet, sunflower, wheat, 
others perennial, and others annual (Table 2). The choice of spatial resolution is primarily to ensure consistency 
with other global gridded datasets, though our approach is readily adaptable to all resolutions. The selection 
of 2015 as the end of the study period is primarily due to the different years with which agricultural censuses 
occur within each country (ranging from −/+3 years before/after each time step; e.g., 2000 maps are based on 
agricultural censuses occurring from 1997–2003) as well as delays in reporting of each country’s sub-national 
agricultural statistics (i.e., the year 2020 full census reports of most countries are not yet publicly accessible). 
Consequently, there is a significant delay between the agricultural year and the year of our latest MIRCA-OS 
products. To reduce this lag, better alignment between the timelines of census collection and reporting is neces-
sary. As more census data becomes available, the MIRCA-OS will be extended to more recent years.

Data sources. Administrative boundaries. Several input data sources were used to generate the MIRCA-OS 
datasets (Table 1). Spatial units were delineated using the official administrative boundaries from Global 
Administrative Areas28 (GADM). We identified each spatial unit using a seven-digit unit code. The first three 
digits correspond to the M49 United Nations country code, while the remaining four digits are uniquely assigned 
to each spatial unit29. Because of shifting political boundaries and differences in the level of disaggregation of crop 
statistics through time, we developed a unique map of global administrative boundaries for each time step in our 
analysis (Fig. 2).

Harvested area statistics. We developed a comprehensive data library of municipal- to national-scale 
crop-specific irrigated and rainfed harvested area statistics for all study years and all countries using a suite 
of international (i.e., FAOSTAT2, AQUASTAT13, CountrySTAT30, EUROSTAT14) and national (i.e., USDA  
NASS31, Ministries of Agriculture and/or Water Resources) sources. We gathered data for the finest spatial 
administrative level available. Harvested area data at the municipal or district level were collected for Bangladesh 
(only for the year 2015), India, and the United States. Complete province-level data were gathered for 41 coun-
tries, while limited (e.g., in terms of number of crops or years with available data) province-level data were 
collected for 26 additional countries. For other countries, national-level data were collected, covering most 

Input dataset Characteristics Remarks

Administrative boundaries28 
(2000–2015)

Shapefile of all spatial units’ boundaries from 
GADM.

Harvested area statistics 
(2000–2015)

Census-based statistics of total and irrigated 
harvested area at national and subnational units.

National census and survey reports, national data portal (e.g., USDA NASS Qucik Stats45), 
Eurostat14, FAOSTAT2, FEWS NET29,46, AQUASTAT32, CountrySTAT30 and Gambhir 
and Marston (2024)47. For detailed information, see Supplementary Table S1 and 
Supplementary Note 2.

Crop calendars for irrigated and 
rainfed crops21,23,24,32

A dataset provides planting and maturity months 
at a spatial unit or a 0.5° spatial resolution.

We used the latest crop calendars dataset for all crops except groundnuts, pulses, rice, and 
other annuals, for which the MIRCA200021 and RiceAtlas33 crop calendars were used.

Cropland extent25 (2000–2015) A HYDE3.2 5-arcminute gridded map of 
cropland extent.

Area Equipped for Irrigation 
(AEI)26 (2000–2015)

5-arcminute gridded map of area equipped for 
irrigation.

Gridded crop-specific annual 
harvested area15–17 (2000–2015)

GAEZ and GAEZ + 2015 Datasets: 5-arcminute 
gridded maps of crop-specific annual harvested 
areas.

A 5-arcminute gridded map of crops for 2000, 2010, and 2015. The 2005 maps were 
spatially interpolated.

Validation datasets21,35–37,39 To validate MIRCA-OS products against all 
available gridded data products.

Table 1. Characteristics of input datasets used to generate MIRCA-OS.
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countries in Africa and Asia, some regions in South America, and several small island nations. Comprehensive 
country-specific data descriptions are provided in Supplementary Table S1 and Note 2.

For countries where crop-specific irrigated harvested area data was available (i.e., the United States, Mexico, 
and India), data was taken directly from the national census. For various European countries, the total harvested 
and irrigated area data at the provincial level (according to the Nomenclature of Territorial Units for Statistics, 
or NUTS2) were gathered from EUROSTAT14. This data on crop-specific irrigated areas is available from 2000 
to 2013, with gaps in the data for most countries—2010 being an exception where data coverage extends to all 
countries. However, irrigated area data from Greece, France, Italy, and Spain has fewer gaps relative to other 
countries for the whole period; in cases where only a single year’s data on irrigated areas was available, the 
national-level irrigated areas collected from AQUASTAT32 were allocated to each province assuming that the 
regional proportions remain constant for the target period. When more than one year of data was available, 
a linear interpolation was performed to estimate the crop-specific irrigated area for the target year. For some 
countries, while data on total harvested areas and areas equipped for irrigation were accessible at a subnational 
level, no specific statistics on irrigated areas for individual crops were available. For these instances, we used 
the proportion of area equipped for irrigation to the total harvested area within each spatial unit to assign the 
national-level irrigated area from AQUASTAT to each province. For other countries, subnational data on total 
harvested area were available for only a few crops, and there were no specific statistics on irrigated areas for 
individual crops. To address this, national-level irrigated areas were proportionally assigned to each spatial unit 
based on the total harvested area and area equipped for irrigation in each province. After assigning these crops, 
the remaining CE and AEI were computed and used to allocate the remaining crop area at the national level. For 
countries with no national census reports of total and irrigated harvested area for each crop, the national-level 
total harvested area came from FAOSTAT, and the irrigated harvested area came from AQUASTAT. The rainfed 
harvested areas were computed as the difference between total and irrigated harvested areas for each crop class 
and spatial unit. In cases where the irrigated harvested area was larger than the total harvested area, the rainfed 
harvested area was assumed to be zero.

Crop growing periods. Information on crop growing periods was taken from a recent global crop calendar 
dataset23,24, which provides 0.5° gridded information on the planting and harvesting dates - disaggregated as irri-
gated and rainfed systems. Jägermeyr et al.23 combine various national and international observational sources 
to create a new composite crop calendar product. We used this source of crop calendars for barley, cassava, 
cotton, maize, millet, potatoes, rapeseed, rye, sugar beet, sugar cane, sorghum, soybeans, sunflower, and wheat. 
We used the RiceAtlas33 Calendar for rice crops to account for multiple growing seasons. This approach was 

Crop classes Crop name within crop class

Barley Barley

Cassava Tapioca; cassava

Cocoa Cocoa

Coffee Coffee

Cotton Cotton

Fodder Alfalfa; grasses and legumes; clover; hay; haylage

Groundnuts Groundnuts; peanuts

Maize Maize; corn (both grain and silage); sweet corn; popcorn

Millet Pearl millet; finger millet; small millet

Oil palm Oil palm

Potatoes Potato

Pulses Chickpeas; pigeon peas; cowpeas; peas, beans; lentils; other Pulses

Rapeseed Rapeseed; canola; mustard

Rice Rice; paddy

Rye Rye

Sugar beet Sugar beet

Sugar cane Sugar cane

Sorghum Sorghum (grain and silage)

Soybeans Soybean

Sunflower Sunflower

Wheat Spring soft wheat; winter soft wheat, durum

Others perennial

Abaca (manila hemp); agave fibers; almonds; apples; apricots; areca nuts (betel);avocados; bananas; berries; blueberries; 
brazil nuts; carobs; cashew nuts; cashew apple; cinnamon (canella); citrus fruit; coconuts; cranberries; currants; date 
palm, figs; fruit fresh; fruit tropical fresh; gooseberries; grapefruit and pomelos; grapes; kapok fiber; kapok seed in 
shell; kola nuts; kiwi fruit; lemons and limes; mangoes and mate; natural gums; natural rubber;nutmeg, mace, and 
cardamon; nuts, other; olives; oranges; papayas; peaches and nectarines; pears; pepper; peppermint; persimmons; 
pineapples; pistachios; plantains; plums; pyrethrum, dried flowers; quinces; ramie; sisal; sour cherries; spices; stone fruit; 
strawberries; tangerines and mandarins; tea leaves; tung nuts; vanilla and walnuts

Others annual Other crops not listed before

Table 2. Crop classes used for MIRCA-OS.
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particularly important for addressing spatial units with more than two rice growing seasons, where we were una-
ble to utilize the latest crop calendar data. For groundnuts, pulses, and other annuals, for which recent datasets 
did not provide information, we used the MIRCA200021 crop calendar. Cocoa, coffee, oil palm, fodder, other 
perennials, and sugar cane were classified as perennial crops.

Global gridded inputs. Gridded (5-arcminute) cropland extent (CE) came from the History Database of the 
Global Environment (HYDE) dataset25. The latest version of the HYDE dataset, version 3.2, offers comprehensive 

Fig. 2 Administrative boundaries of spatial units used for spatial downscaling. Levels of spatial disaggregation 
are dependent on the detail provided within each country’s crop statistics and range from the municipal to 
national level.
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data on land use and land cover from 10,000 BCE to 2015 AD25. In our study, we utilized HYDE’s annual 
maps of cropland extent spanning from 2000 to 2015. Gridded crop-specific total harvested area (HA) data at 
5-arcminute resolution for the years 2000 and 2010 were obtained from the FAO/IIASA Global Agroecological 
Zones15,16 (GAEZ v4) dataset. The harvested area for the year 2005 was temporally interpolated for each crop 
and grid cell. The harvested area for 2015 data came from the recent GAEZ + 15 update17. To define the extent of 
the irrigated area of each 5-arcminute grid cell, we used recent gridded data on the area equipped for irrigation 
(AEI) for the years 2000 to 2015 from Mehta et al.26.

Preprocessing. Crop-specific harvested area data were reclassified into 46 crop classes (23 irrigated + 23 
rainfed) (Table 2). Compared to the original MIRCA2000 dataset, we did not include date palm, citrus, and 
grapes due to a lack of gridded crop-specific HA information for those crop classes. These crops were grouped 
into the other perennials class. In most countries, the data on grain and silage for maize and sorghum were not 
reported separately. To ensure consistency for the few countries that distinguish these uses in their statistics, 
we aggregated the grain and silage harvested area for each of these crops into maize and sorghum crop classes. 
Consequently, the fodder crop category does not encompass the silage of maize and sorghum. Another significant 
challenge in harmonizing fodder crop classes arises from the fact that FAOSTAT no longer reports these classes 
separately. As a result, our dataset relies entirely on national and regional census reports and the AQUASTAT 
database for the harvested area of fodder, potentially leading to underestimation in countries that did not include 
fodder crop classes in their census reports. The reclassification of all other crops into other annuals and other 
perennials was done according to the annual and perennial categories used by Monfreda et al.34.

All gridded input datasets were spatially preprocessed to ensure a consistent spatial resolution (5 arcmin-
utes) and projection (WGS84). The gridded planting and harvesting dates for each crop in each spatial unit 
were assigned by extracting the majority of pixel values within each spatial unit. For certain crop classes, some 
cross-walking was required between MIRCA-OS and the GAEZ HA maps. The GAEZ HA map of stimulants was 
used in MIRCA-OS for both cocoa and coffee crop classes. The GAEZ HA maps for other cereals were used in 
MIRCA-OS for the rye crop class. The GAEZ HA map of other crops (NES) was split between other perennials 
and other annuals based on the proportions of annual and perennial crops of each spatial unit for each year – as 
determined from FAOSTAT. The GAEZ HA maps of banana, olives, and the perennial portion of NES crops were 
aggregated and reclassified in MIRCA-OS as other perennials. Similarly, the GAEZ HA maps for tobacco, yam, 
vegetables, and the annual portion of NES crops were aggregated and reclassified in MIRCA-OS as other annuals.

Data quality indicators. We assessed the quality of the harvested area statistics for each country using 
five criteria: (1) availability of subnational data (assessing the resolution from municipal to national level), (2) 
temporal consistency (evaluating the availability of consistent data throughout the study period), (3) synchrony 
(measuring how closely the timing of data collection matches the study period), (4) spatial consistency (deter-
mining whether the data covers the entire target area), and (5) availability of segregated irrigated and rainfed 
areas (checking if data is available separately for these categories). Each criterion was scored from 0 to 1 for each 
crop and country, and the total scores were summed, where a lower score represents poor data quality and a 
higher score represents high data quality (i.e., equal weightage was given to each metric). We observe relatively 
lower total quality metric scores for irrigated statistics in 2000 and 2005 due to the unavailability of irrigated area 
data for some countries from AQUASTAT in the early 2000s (Fig. 3). This data quality is similar across crops but 
widens in 2010 and 2015. For statistics on total harvested area, we see no substantial differences in data quality 
from 2000 to 2015 but with wide variation in data quality between crops (Fig. 4).

Compilation of Crop calendars. By combining the harvested area statistics along with the crop calendar, 
we develop monthly growing areas (i.e., Crop calendars (CC)) of irrigated and rainfed crops for each (sub-)
national administrative unit. These temporally disaggregated CCs were necessary to enable the monthly spatial 
downscaling from the administrative unit to the grid cell. Two growing seasons were considered for wheat and 
three growing seasons for rice, based on the latest crop calendar23,24 and RiceAtlas calendars33, respectively. For 
the irrigated other annuals class, up to four growing seasons were considered, while up to three growing seasons 
were considered for the rainfed other annuals class, according to the MIRCA200021 crop calendars. In compari-
son to MIRCA2000, the current version lacks multiple growing seasons for barley maize, rye, and sorghum due 
to the constraints imposed by the availability of the latest crop calendar for multiple growing seasons. In many 
countries (excluding Bangladesh, China, most European Union countries with EUROSTAT data, India, Mexico, 
the Republic of Korea, and the United States), rice and wheat harvested areas are each reported as annual totals 
without differentiating per season. To allocate the irrigated harvested areas of wheat into multiple growing sea-
sons (winter wheat and spring wheat), we used the FAO irrigated crop calendar32, which provides the harvested 
area and growing season of major crops for the most recent available year (between 1987 and 2015, depending on 
the country). The FAO irrigated crop calendar is not available for the entire study period, so we assumed that the 
seasonal distribution of those crops remained constant throughout our study period. We used this information 
to determine the proportion of total irrigated harvested areas of wheat to be allocated to the different growing 
seasons. The irrigated harvested areas of rice were allocated into up to three growing seasons (Rice1, Rice2, and 
Rice3) according to RiceAtlas33 calendars and production dataset. For rainfed crops of rice, wheat, and other 
annuals, multiple cropping seasons were determined according to the MIRCA200021 crop calendar.

Spatial downscaling to the grid cell level. We adopted an improved methodology that builds on that 
developed for the MIRCA200021 (monthly irrigated and rainfed cropped areas for the year 2000) dataset (Fig. 5). 
Each administrative ‘unit’s crop-specific irrigated and rainfed harvested area was downscaled to each eligible 
five-arcminute grid cell falling within the administrative unit, with limits on eligible area determined by data on 
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the gridded crop-specific harvested area (HA), cropland extent (CE), and area equipped for irrigation (AEI). All 
of the gridded datasets (AEI, CE, and HA) have inconsistencies as they come from different sources. For instance, 
in some locations, AEI pixel values were larger than CE values. To minimize these inconsistencies, we employed a 
stepwise prioritization strategy during the downscaling process (Table 3). While downscaling, the highest priority 
was given to ensure the sum of a crop-specific irrigated area at each grid cell is lower than or equal to the AEI. 
For any amounts of harvested area that remained to be allocated within the administration unit after meeting this 
highest priority, we then spatially distributed these harvested areas to maximize the consistency of each grid’s 
crop-specific irrigated and rainfed areas with CE and HA (Table 3).

The downscaling procedure was sequential and iterative, consisting of seven distinct steps: four to assign irri-
gated areas and three more to assign rainfed areas. The allocation of irrigated and rainfed areas was performed 
crop by crop and spatial unit by spatial unit. After each step, the sum of downscaled grid cell harvested areas was 
compared with the total crop-specific harvested area of the CC; if all of a crop’s harvested area was not distrib-
uted after completing a step, then we proceeded to the subsequent step (Fig. 5). All steps of the spatial downscal-
ing procedure are summarized below, and detailed downscaling methods are available in Supplementary Note 1.

In this study, harvested area is defined as the total area from which a specific crop is harvested in a given 
growing season or year. It accounts for multiple harvests of the same crop in a year. In contrast, growing area 
refers to the total area where a specific crop is cultivated from planting to harvest.

In step 1, the irrigated growing area of each crop in a specific grid cell during any month of the growing 
period was estimated as the product of the total harvested area (HA) of the crop and a fraction of the grid cell 
area equipped for irrigation (AEI)), divided by the number of sub crops. For crops with multiple growing sea-
sons, the irrigated growing area was equally distributed among each sub-crop, ensuring that the total did not 
exceed the AEI for any grid cell. After completing each step, the sum of the allocated cell growing areas within 
each spatial unit was compared to the monthly growing area of the calendar unit in the CC. This comparison 
was conducted to verify whether the full growing area was assigned or if additional areas needed to be allocated 
in the subsequent step.

To determine which crop statistics to allocate first, all irrigated crops were ranked based on their irrigated 
harvested area within each administrative unit (starting with the crop with the largest harvested area) and the 
corresponding crop category. While assigning ranks, perennial crops (sugar cane, oil palm, cocoa, and coffee) were 
processed first, followed by other perennials and fodder crops. This prioritization is due to the limited flexibility 
in allocating the growing area for perennial crops. Annual crops (barley, cassava, cotton, fodder, groundnuts, 

Fig. 3 Distribution of total data quality scores for irrigated harvested area statistics. Each panel represents 
a different year, showing the distribution of total quality scores across various irrigated crops. A lower score 
represents poor data quality, while a higher score represents high data quality.
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maize, millet, potatoes, pulses, rapeseed, rice, sorghum, soybeans, sunflower, and wheat) were then processed, 
followed by the other annuals crop classes. Following their ranking, Steps 2 through 4 were computed for each 
crop reported in an administrative unit iteratively based on their rank, starting from the top-ranked crop, and then 
these steps were repeated iteratively for each subsequent crop, accounting for the remaining AEI, HA, and CE.

After each step, the maximum cumulative irrigated area assigned for all preceding crops was determined 
by selecting the maximum total irrigated area assigned during the growing months of the processed crops. 
The irrigated area still available after each step was estimated as the difference between the cell-specific area 
equipped for irrigation (AEI) and the maximum cumulative irrigated area assigned in the previous step/s. The 
total harvested area available was also estimated as the difference between the HA in the grid cell and the total 
area allocated in the previous step/s. This ensured that the cumulative monthly growing area assigned for each 
crop and month did not exceed the area equipped for irrigation or the upper bound of the total harvested area.

In step 2, irrigated growing areas for each crop and sub-crop were allocated based on the available AEI and 
HA in each grid cell. After determining the available AEI and HA, the minimum value of the two was allocated 
in this step. In step 3, the irrigated growing area of each crop and sub-crop was assigned to the remaining AEI 
after the previous steps for grid cells with a cropland extent value greater than zero. In step 4, the remaining har-
vested area in the calendar unit was allocated to the amount of AEI left after the previous steps were completed, 
even if the grid cell had no cropland extent.

After allocating the irrigated growing areas for all sub-crops, steps 5 to 7 were performed to assign the rainfed 
growing areas for each sub-crop and grid cell. The remaining cropland extent after assigning the irrigated areas 
was determined as the difference between the cell-specific CE and the total assigned irrigated area from steps 1 
to 4. In step 5, the rainfed growing areas for each annual crop and sub-crop were allocated based on the remain-
ing cropland extent after the previous steps. Perennial crops were allocated to grid cells not occupied by AEI. In 
steps 6 and 7, rainfed areas could be distributed beyond the cropland extent, taking into account the available 
area constrained to AEI and 95% of the grid cell area21. We utilize only 95% of the cell area to account for other 
land uses (e.g., roads and settlements).

Data Records
Each annual and monthly gridded dataset is in standard raster format (GeoTIFF/NetCDF) with global coverage 
(180°E–180°W; 90°S–90°N) and a 5-arcminute spatial resolution (approximately 10 km × 10 km at the equator) 
using the WGS84 coordinate system. The crop calendars for irrigated and rainfed crops from 2000 to 2015 

Fig. 4 Distribution of total data quality scores for total harvested area statistics. Each panel represents a 
different year, showing the distribution of total quality scores across various crops. A lower score represents 
poor data quality, while a higher score represents high data quality.
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are also available in CSV format. This dataset is publicly available on HydroShare27 at https://doi.org/10.4211/
hs.60a890eb841c460192c03bb590687145. A detailed description of each dataset is provided below.

Crop Calendar for 23 irrigated and rainfed crops. Description: A crop calendar (CC) presents tabulated 
data compiled by combining harvested area statistics of various spatial units and their corresponding cropping 
calendars. Each entry in the CC includes the unit code, crop or sub-crop name, number of sub-crops, categori-
zation (perennial, annual, fodder, or others), annual harvested area, and planting and maturity months. Separate 
crop calendars were prepared for both irrigated and rainfed crops for the years 2000, 2005, 2010, and 2015.

File format: CSV
Period: 2000 to 2015
File name: MIRCA-OS_year_system_version
Unit: harvested area (ha)

Where ‘year’ signifies the data year, and the ‘system’ indicates whether the harvested area pertains to an irri-
gated (assigned as ‘ir’) or rainfed (assigned as ‘rf ’) system. ‘Version’ represents the version of the dataset.

Repository: HydroShare27

Fig. 5 Procedure for spatial downscaling. Ordering sequences for downscaling growing areas of each spatial 
unit from the crop calendar (CC) to a 5-arcminute grid cell level, constrained by available land resources (CE, 
AH, and AEI). The specified conditions dictate the requirements for assigning cell-specific irrigated and rainfed 
growing areas. Adapted from Portmann et al.21.

Priority Input dataset Goal

1 Area equipped for 
irrigation26 (AEI)

In each month and grid cell, the total irrigated area is less than or equal to the corresponding area 
equipped for irrigation.

2 Cropland extent25 (CE) In each month and grid cell, the combined area of crop-specific irrigation and rainfed areas is less 
than or equal to the cropland extent.

3 Total harvested 
area15–17 (HA)

In each grid cell and crop class, the combined yearly harvested area for irrigated and rainfed crops is 
equal to the total harvested area for that particular crop.

Table 3. Priority level for downscaling a CC of each administrative unit to growing area grids. The procedure 
was adapted from MIRCA200021. Priority 1 was given the highest priority to ensure the sum of crop-specific 
irrigated areas at each grid cell is lower than or equal to the AEI. We aimed to maximize the consistency 
between crop-specific irrigated and rainfed areas at each grid cell with the CE and HA data.

https://doi.org/10.1038/s41597-024-04313-w
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Monthly growing area grids (MGAG) for 23 irrigated and rainfed crops. Description: This dataset 
presents monthly growing area grids for 23 irrigated and 23 rainfed crops, in a spatial resolution of 5 arcminutes, 
for the years 2000, 2005, 2010, and 2015 (Fig. 6). It depicts the growing area of each crop per spatial unit within a 
grid cell from planting to maturity month.

File format: NetCDF
File name: MIRCA-OS_Crop_subcrop_year_system_version

where ‘crop’ denotes the crop name, ‘subcrop’ indicates multiple cropping. A numerical value is assigned to 
each subcrop following the crop name. For example, ‘Rice1’ signifies the rice crop growing in the first season. ‘year’ 
signifies the data year, and ‘system’ indicates whether the growing area pertains to an irrigated (assigned as ‘ir’)  
or rainfed (assigned as ‘rf ’) system. ‘Version’ is the version of the dataset.

Spatial Metadata:

Extent: X: −180° to +180°
Extent Y: −90° to +90°
 Extent Z (month): A numeric value ranging from 1 to 12, each representing a monthly harvested area layer 
for each month.
Resolution: 5-arcminutes (0.083333 decimal degrees)
Coordinate reference system: longitude/latitude (WGS84 datum)
Units: growing area (ha)
Repository: HydroShare27

Maximum monthly growing area grids (MMGAG) for 23 irrigated and rainfed crops. Description: 
This dataset presents the maximum monthly growing area grids for 23 irrigated and 23 rainfed crops, in a spatial 
resolution of 5 arcminutes, for the years 2000, 2005, 2010, and 2015. A maximum monthly grid was determined as 
the maximum pixel value within each monthly grid without taking multiple cropping into account. These datasets 
are crucial for users keen to know about non-seasonal crop-specific maximum irrigated and rainfed harvested 
areas. Particularly for user groups aiming to simulate cropping seasons independently through various dynamic 
vegetation models, the MMGAG dataset proves to be highly beneficial21.

File format: Geotiff
File name: MIRCA-OS_crop_year_system_version

where ‘crop’ represents the crop name, ‘year signifies the data year, and ‘system ‘indicates whether the har-
vested area pertains to an irrigated (assigned as ‘ir’) or rainfed (assigned as ‘rf ’) system, ‘version’ is the version 
of the dataset.

Spatial Metadata:

Extent: X: −180° to +180°
Extent Y: −90° to +90°
Resolution: 5-arcminutes (0.083333 decimal degrees) and 30-arcminutes (0.5 decimal degrees)
Coordinate reference system: longitude/latitude (WGS84 datum)
Units: harvested area (ha)
Repository: HydroShare27

Maximum monthly cropped area grids (MMCaG) for either all irrigated crops, all rainfed crops, 
or the total of irrigated and rainfed crops. Description: These datasets represent the maximum monthly 
cropped area grids for 23 irrigated and 23 rainfed crops, in a spatial resolution of 5 arcminutes, for the years 2000, 
2005, 2010, and 2015. The maximum monthly cropped area grids of irrigated and rainfed crops were determined 
by summing the monthly growing area grids of all crops and then selecting the maximum grid cell value from 
those summed areas. These datasets reveal the maximum monthly cropping extent or the maximum share of the 
irrigated and rainfed cropping area used in a particular year.

File format: Geotiff
File name: MIRCA-OS_year_system_version

where ‘year signifies the data year, and ‘system ‘indicates whether the harvested area pertains to an irrigated 
(assigned as ‘ir’), rainfed (assigned as ‘rf ’) system or total(assigned as ‘tot’), ‘version’ is the version of the dataset.

Spatial Metadata:

Extent: X: −180° to +180°
Extent Y: −90° to +90°
Resolution: 5-arcminutes (0.083333 decimal degrees) and 30-arcminutes (0.5 decimal degrees)
Coordinate reference system: longitude/latitude (WGS84 datum)
Units: harvested area (ha)
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Repository: HydroShare27

Annual crop harvested area grids for 23 irrigated and rainfed crops. Description: These data represent 
annual harvested area grids of 23 irrigated and 23 rainfed crops in 5 arcminutes spatial resolution for 2000, 2005, 
2010, and 2015 (Figs. 7, 8). For crops with a single cropping season, the annual crop harvested area was determined as 
the maximum pixel value of that specific crop’s monthly harvested area grids. For those crops with multiple cropping, 
an annual harvested area was determined as the sum of each sub-crop’s maximum monthly harvested area grids.

File format: Geotif
File name: MIRCA-OS_crop_year_system_version
Period: 2000 to 2015

where ‘crop’ represents the crop name, ‘year signifies the data year, and ‘system ‘indicates whether the harvested 
area pertains to an irrigated (assigned as ‘ir’) or rainfed (assigned as ‘rf ’) system, ‘version’ is the version of the dataset.

Spatial Metadata:

Extent: X: −180° to +180°
Extent Y: −90° to +90°
Resolution: 5-arcminutes (0.083333 decimal degrees) and 30-arcminutes (0.5 decimal degrees)
Coordinate reference system: longitude/latitude (WGS84 datum)
Units: harvested area (ha)
Repository: HydroShare27

Fig. 6 The global monthly irrigated area of selected crops in the year 2015. Panels show monthly irrigated area 
maps for maize, rice, and wheat for the months of January, April, July, and October. Pixel values represent the 
percentage of a crop’s harvested area relative to the grid cell area.

https://doi.org/10.1038/s41597-024-04313-w


1 2Scientific Data |          (2025) 12:208  | https://doi.org/10.1038/s41597-024-04313-w

www.nature.com/scientificdatawww.nature.com/scientificdata/

technical Validation
temporal continuity. One limitation of many global datasets is the lack of temporal continuity, as the meth-
odology and input data sources used often vary across different years. This inconsistency presents a challenge 
for conducting time series analysis and for reliably assessing patterns of change. Because no spatially detailed 
time-vary datasets exist for validation, we conducted an internal assessment of the pixel-level temporal conti-
nuity of the MIRCA-OS dataset by fitting a linear regression and calculating the Root Mean Square Percentage 
Error (RMSPE). RMSPE was computed as the square root of the mean of the squared relative errors between the 
MIRCA-OS harvested areas and the values of fitted linear regression, divided by the MIRCA-OS pixel values. This 
method allows us to quantify temporal variability in our dataset by assuming a linear trend over time, comparing 
the observed harvested areas for both irrigated and rainfed crops to those predicted by the fitted linear regression 
models.

For each crop, we then mapped the spatial distribution of the calculated RMSPE values and developed histo-
grams showing the overall distribution of RMSPE values (Figs. 9, 10; Supplementary Figure S1-S46). For most 

Fig. 7 Global irrigated areas of selected crops in the year 2015. Pixel values show the harvested area as a 
percentage of the grid cell area.
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crops, we find no substantial temporal deviation of MIRCA-OS pixel values from the predicted values of the 
linear regression models. Most pixels across all crops exhibit RMSPE values below 5%. Notably, irrigated areas 
showed less temporal variation compared to rainfed crops. However, only irrigated rice in Madhya Pradesh, 
India, demonstrated relatively higher temporal inconsistency, but this was limited to fewer pixels. While most 
rainfed crops exhibited temporal consistency, certain exceptions were observed, including rainfed fodder in 
Nebraska, USA, and France, rainfed rice in Uttar Pradesh, India, and rainfed wheat in Canada, which showed 
relatively higher temporal variability. This aligns with expectations, as rainfed areas tend to experience greater 
variability year to year compared to irrigated areas.

Global comparisons. The MIRCA-OS dataset was evaluated by comparing it with all available global and 
regional data products on crop-specific irrigated areas. First, we compared the presence/absence and relative 
difference of crop-specific irrigated and rainfed harvested areas between MIRCA-OS for the year 2000 and the 

Fig. 8 Global rainfed area of selected crops in the year 2015. Pixel values show the harvested area of rainfed 
crops in the year 2015 as a percentage of grid cell area.
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original MIRCA2000 dataset for four major crops — maize, rice, soybeans, and wheat (Figs. 11, 12). The spatial 
agreement between the MIRCA-OS and MIRCA2000 datasets is also depicted in stacked bar charts, demonstrat-
ing the agreement levels for irrigated and rainfed crops ranked from highest to lowest agreement (Figs. 13, 14). 
In addition, we also quantified the level of agreement between the two datasets using the intersection over union 
(IoU) score (Table 4), which is the ratio of the area of intersection to the area of union35. The IoU scores enable 
quantifying a pixel-level similarity between the crop-specific harvested area of MIRCA-OS and MIRCA2000 
datasets.

The presence/absence maps (Fig. 11) and relative difference maps (Fig. 12) show that the two datasets agree 
well overall. However, for maize in Russia, India, and China and for wheat and soybeans in the United States, the 
datasets exhibit a higher absolute relative difference. Given the differences in input datasets (including CE, HA, 
and AEI) and underlying statistics between MIRCA-OS and MIRCA2000, some differences are not surprising 
(e.g., rice in Peru, Spain, and France (except two provinces); wheat in Canada, Poland, and the United Kingdom; 
soybeans in central Brazil). Across all study crops, we find the most extensive agreement for maize, other annu-
als, and wheat, with lower levels of agreement for cassava, cocoa, and oil palm (Figs. 13, 14). Low levels of agree-
ment with the original MIRCA2000 dataset for certain crops were primarily attributable to improved and more 
refined underlying crop-specific harvested area statistics.

Fig. 9 Spatial distribution of the RMSPE for irrigated rice between 2000 to 2015. Maps depict the temporal 
continuity of irrigated area estimates, where lower RMSPE values (cool colors) indicate strong temporal 
consistency and higher RMSPE values (warm colors) reflect greater temporal variability relative to a linear 
regression. Corresponding histograms show the overall distribution of RMSPE values.

Fig. 10 Spatial distribution of RMSPE for rainfed wheat between 2000 and 2015. Maps depict the temporal 
continuity of rainfed area estimates, where lower RMSPE values (cool colors) indicate strong temporal 
consistency and higher RMSPE values (warm colors) reflect greater temporal variability relative to a linear 
regression. Corresponding histograms show the overall distribution of RMSE values.
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Similarly, the IoU scores calculated for each irrigated and rainfed crop showed varying levels of agreement 
from crop to crop as well as between irrigated and rainfed systems, with the overall scores for rainfed sys-
tems showing better agreement (Table 4). For maize, other annuals, pulses, sorghum, soybeans, and wheat, 
there is a high similarity in the spatial distribution of irrigated and rainfed areas between the MIRCA-OS and 
MIRCA2000 datasets. IoU scores showed larger differences in the spatial distribution of irrigated areas for cas-
sava, cocoa, coffee, and oil palm. This is mainly due to more comprehensive coverage of the underlying irrigated 
area statistics which were available for the development of each dataset. For example, MIRCA2000 did not 
report any irrigated area of cassava, cocoa, coffee, and oil palm for India, while our dataset contained substantial 
irrigated areas for those crops.

We also performed a pixel-level scatter plot analysis and calculated corresponding Pearson coefficients 
(Figs. 15, 16). We found relatively high coefficients for most crops and observed that the magnitudes of both 
irrigated and rainfed harvested areas were consistently lower for MIRCA-OS as compared to MIRCA2000. 
Major crops such as cotton, fodder, maize, sorghum, soybeans, and wheat exhibited a high pixel-level correlation 
between MIRCA-OS and MIRCA2000 datasets. In addition, for crops such as cocoa, groundnuts, other peren-
nials, rice, and sugarcane, although they demonstrated low to moderate IoU scores, there was a notably higher 
correlation in a pixel-harvested area between the two datasets. Conversely, certain crops with relatively high IoU 
scores in spatial distribution (e.g., other annuals, potatoes, sunflowers) showed lower Pearson coefficients at the 
pixel level. This suggests significant differences in the pixel-level harvested area despite similar spatial distribu-
tions for these crops between the two datasets. Still, other crops such as cassava, coffee, and oil palm exhibited 
both low IoU scores and Pearson coefficients, indicating considerable disparities in both spatial distribution and 
pixel values of harvested areas between the datasets. Overall, despite considerable differences in input data and 
statistics between MIRCA2000 and MIRCA-OS, we find good agreement in both the spatial distribution and 
harvested area magnitude, particularly in the core breadbasket regions for each crop.

Moreover, we compared our MIRCA-OS rice annual harvested area dataset against the recent GloRice(I)36 
dataset, which is a global gridded paddy rice distribution dataset covering the years 1961 to 2021. We extracted 
the NetCDF raster files for the years 2000, 2005, 2010, and 2015, which provided the maximum harvested area 
extent of each five-arc-minute resolution pixel covered by paddy rice. We then compared each year’s rice area 
map against the MIRCA-OS for the same period. The presence and absence maps (Fig. 17) demonstrated a high 
level of agreement between the two datasets for most countries. However, for Russia in 2015, our dataset dis-
played more pixels than the GloRice dataset.

A pixel-level hexagonal plot analysis and its corresponding Pearson coefficients, shown in Fig. 18, reveal high 
Pearson coefficients for all years, with values ranging from 0.85 to 0.9, indicating a strong correlation between 
the MIRCA-OS and GloRice datasets. However, the level of agreement slightly diminishes over time.

Fig. 11 Pixel-level spatial agreement between MIRCA-OS and MIRCA2000. Locations of agreement (depicted 
in blue) or disagreement (depicted in orange and red) are shown for the irrigated extent of four primary crops—
maize, rice, soybeans, and wheat – for the year 2000.
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Continental-level comparison Europe. We utilized the European Irrigation Map for 2010 (EIM2010)37, 
an updated version of EIM2000, which provides a 10 km × 10 km resolution of irrigated area per grid cell for 14 
major crops based on the 2010 agricultural census. We compared the irrigated area data from EIM2010 with the 
annual irrigated area dataset from MIRCA-OS for the year 2010. The spatial presence maps (Fig. 19) and the esti-
mated IoU scores indicated a generally high level of agreement between the MIRCA-OS and EIM2010 datasets 
regarding the spatial distribution of irrigated areas across Europe. These results suggest that the datasets align well 
for maize and potatoes, with more variability observed for rice and sugar beet. The MIRCA-OS dataset reports a 
larger irrigated rice area than the EIM2010 dataset. This discrepancy might be due to different methodologies or 
data sources used in compiling the datasets.

Fig. 12 Pixel-level absolute relative difference between MIRCA-OS and MIRCA2000 for four primary irrigated 
crops for the year 2000.

Fig. 13 Spatial agreement for irrigated crops between MIRCA-OS and MIRCA2000 datasets for the year 2000. 
Each bar in the chart represents a different crop type and shows the proportion of agreement and exclusive 
presence in the two datasets. Bars are ordered based on their percentage of spatial agreement.
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The IoU scores shown in Table 5 revealed that for most crops, the MIRCA-OS and EIM2010 datasets, devel-
oped based on different approaches and assumptions, have a moderate level of agreement. However, a lower 
level of agreement was observed for some crops, such as pulses, rice, and rapeseed. In these crops, the EIM2010 
dataset has more aerial coverage, particularly in Norway and Sweden, while our dataset showed no irrigated area 
for these crops based on the collected statistics.

A pixel-level hexagonal plot analysis and its corresponding Pearson coefficients shown in Fig. 20 reveal mod-
erate to high Pearson coefficients for most crops, although lower coefficients were observed, particularly for 

Fig. 14 Spatial agreement for rainfed crops between MIRCA-OS and MIRCA2000 datasets for the year 2000. 
Each bar in the chart represents a different crop type and shows the proportion of agreement and exclusive 
presence in the two datasets. Bars are ordered based on their percentage of spatial agreement.

Crop

IoU Score for:

Irrigated crops Rainfed crops

Barley 0.502 0.495

Cassava 0.347 0.652

Cocoa 0.285 0.517

Coffee 0.420 0.580

Cotton 0.477 0.500

Fodder 0.453 0.621

Groundnuts 0.491 0.575

Maize 0.600 0.628

Millet 0.492 0.549

Oil palm 0.10 0.537

Other annuals 0.650 0.607

Other perennials 0.497 0.545

Potatoes 0.507 0.515

Pulses 0.460 0.644

Rapeseed 0.445 0.610

Rice 0.521 0.500

Rye 0.514 0.593

Sorghum 0.526 0.569

Soybeans 0.581 0.574

Sugar beet 0.404 0.489

Sugar cane 0.428 0.440

Sunflower 0.557 0.515

Wheat 0.620 0.555

Table 4. IoU scores of agreement between MIRCA-OS and MIRCA2000 for the year 2000. A score of 0 
indicates no spatial overlap, and a score of 1 indicates perfect spatial agreement.
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sugar beet, sunflower, and rice. For rice, our MIRCA-OS dataset, as shown in Fig. 19, has more aerial coverage 
than the EIM2010 dataset. For sunflowers, our dataset showed no irrigated sunflower areas in Norway, Sweden, 
and the UK, while EIM2010 indicated a considerable irrigated area in these regions. This discrepancy resulted in 
lower Pearson coefficients for these crops.

Fig. 15 Hexagonal analysis of irrigated harvested areas in MIRCA-OS and MIRCA2000. The color bar indicates 
the number of grid cells within each hexagon. ‘r’ and ‘n’ represent the Pearson coefficient and the number of 
grid cells analyzed, respectively. The black line indicates the 1-to-1 line (i.e., no difference), while the red line 
represents the fitted linear regression.

https://doi.org/10.1038/s41597-024-04313-w


1 9Scientific Data |          (2025) 12:208  | https://doi.org/10.1038/s41597-024-04313-w

www.nature.com/scientificdatawww.nature.com/scientificdata/

Country-level comparisons United States. We also validated MIRCA-OS against remote sensing products 
(combining remotely sensed irrigation maps with remotely sensed maps of crop type) where possible. In the United 
States, we compared MIRCA-OS with a combination of the Irrigated Agriculture Dataset for the United States38 
(MIrAD-US) (250 m resolution) and the United States Department of Agriculture’s CropScape cropland data layer39 
(30 m resolution). The latest version of MIrAD provides a comprehensive irrigated area dataset for 2002, 2007, 2012, 
and 2017. To ensure that the data falls within our period of analysis, we first temporally interpolate the MIrAD maps of 

Fig. 16 Hexagonal analysis of rainfed harvested areas in MIRCA-OS and MIRCA2000. The color bar indicates 
the number of grid cells within each hexagon. ‘r’ and ‘n’ represent the Pearson coefficient and the number of 
grid cells analyzed, respectively. The black line indicates the 1-to-1 line (i.e., no difference), while the red line 
represents the fitted linear regression.
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2007 and 2012 to produce an irrigated area map for 2010. This was repeated for the year 2012 and 2017 MIrAD maps to 
produce the year 2015 irrigated area map. As an example, for the soybean crop type map from CropScape for the year 
2010, any pixels that spatially overlapped with the MIrAD irrigated area for 2010 were defined as irrigated soybean. 
Then the number of irrigated soybean pixels (30 m) falling within a 5-arcminute pixel was summed and then multi-
plied by 0.09 to calculate the irrigated soybean area in hectares for that 5-arcminute pixel (i.e., the same resolution as 

Fig. 17 Pixel-level spatial agreement on the total harvested area of rice between MIRCA-OS and GloRice 
from 2000 to 2015. Locations of agreement (depicted in blue) and disagreement (depicted in orange and red) 
are shown for the extent of rice. The bar chart on the right side shows the percentage levels of agreement and 
disagreement between the two datasets.
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MIRCA-OS). This was repeated for all crops and for all year 2015 maps. We then performed a pixel-level comparison 
of estimated hectares with MIRCA-OS (Figs. 21, 22).

While all the spatial presence maps revealed good agreement between MIRCA-OS and MIrAD-Cropscape 
products (Figs. 21, 22), with variations between crops, the hexagonal analysis showed a lower Pearson coeffi-
cient for all crops except cotton. For instance, maize, wheat, and soybeans showed a high IoU score and high 
spatial agreement, but a lower Pearson coefficient indicates that even though both datasets have shown a similar 
spatial distribution, the pixel-level irrigated area (value) significantly differs between the two datasets. We also 
found that the IoU scores improved between 2010 and 2015 (Table 6) and that these scores tended to positively 
correlate with levels of production, with maize, soybean, and wheat showing the highest spatial agreements. 
The hexagonal analysis highlighted that our MIrAD-Cropscape dataset often showed higher pixel values for 
certain crops compared to MIRCA-OS. Because previous work has shown that the AEI product used in our 
analysis has a very high level of agreement with the MIrAD product, the main source of differences for the 
crop-specific comparisons is likely attributable to the combined pixel-level accuracy of the Cropscape and 
MIrAD products – both of which are independently consistent with US county-level harvested area and total 
irrigated area statistics, respectively. Thus, the limitations of the data fusion that we perform (based on a method 
of MIrAD-Cropscape spatial overlap) mean that such a comparison with MIRCA-OS (while the best possible at 
present) should be viewed with caution.

Brazil. We also performed similar comparisons for selected crops and countries with remotely sensed 
crop-type maps. For soybean in Brazil, we used remotely sensed annual maps of soybean extent (2001–2015; 
0.00025° or approximately 27 meters) from the University of Maryland’s Global Land Analysis and Discovery 
(GLAD) Laboratory40. We aggregated this data to a 5-arc-minute resolution for the years 2001, 2005, 2010, and 
2015. We interpolated the MIRCA-OS soybeans annual harvested area map for the year 2001 using the 2000 
and 2005 maps. To compare to the aggregated GLAD soybean product, we then summed the MIRCA-OS irri-
gated and rainfed harvested areas for soybeans. The resulting presence-absence map revealed smaller dispar-
ities between the two datasets, with MIRCA-OS having a larger extent of harvested area (Fig. 23). However, 
MIRCA-OS only includes diffuse soybean areas in these places, and it captures the core soybean regions well and 
agrees with GLAD.

Fig. 18 Hexagonal analysis of the total harvested area of rice in MIRCA-OS and GloRice from 2000 to 2015. 
The color bar indicates the number of grids within each hexagon. ‘r’ and ‘n’ represent the Pearson coefficient and 
the number of grid cells analyzed, respectively. The black line indicates the 1-to-1 line (i.e., no difference), while 
the red line represents the fitted linear regression.
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Usage Notes
We expect that MIRCA-OS can enable a suite of spatially refined assessments of changes in global cropping pat-
terns and that our products will directly benefit numerous international development and research initiatives. 
Given the potential for broad usage, it is essential to note the key limitations of these products to ensure their 
proper use and to prevent their over-extension beyond what they can reasonably show.

Fig. 19 Pixel-level spatial agreement on irrigation presence between MIRCA-OS and EIM2010 for 2010. 
Locations of agreement (depicted in blue) and disagreement (depicted in orange and red) are shown for the 
irrigated extent of four primary crops—maize, potatoes, rice, and sugar beet in Europe. The bar chart on the 
right side shows the percentage levels of agreement and disagreement between the two datasets.
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One of the main uncertainties of our products relates to the input datasets, including the agricultural statis-
tics and gridded maps. In particular, there is a lack of consistent and spatially disaggregated crop-specific irri-
gated harvested areas in many countries22. While we utilized sub-national agricultural statistics to the greatest 
extent available, there is a significant scarcity of such data in many parts of Asia, South America, Africa, and 
small island nations at national and sub-national levels. For these data-scarce regions, we used national-level 
statistics from AQUASTAT. For other countries (such as Brazil, Argentina, and Russia), subnational statistics on 
total harvested areas were available, but information on crop-specific irrigated areas was limited. The granularity 
of these underlying agricultural statistics is fundamental to the accuracy of global gridded products (including 
MIRCA-OS), and a comprehensive country-by-country description of all data collection, processing, and har-
monization is available in the Supplementary Information. In regions where harvested area statistics are only 
available at coarser spatial scales, users are cautioned that evaluations of fine-scale changes in irrigated areas 
may not be reliable and should be verified by independent sources of information to the greatest extent possible. 
As we ensure that allocated harvested areas are consistent within a spatial unit, it is recommended to interpret 
the spatial and temporal trends of our products aggregated to the appropriate administration levels. Fusing our 

Crop IoU score

Maize 0.534

Potatoes 0.415

Pulses 0.264

Rice 0.249

Rapeseed 0.209

Sugar beet 0.308

Sunflower 0.441

Table 5. IoU scores of spatial agreement between MIRCA-OS and EIM2010 irrigated crops for 2010. A score of 
0 indicates no spatial overlap, and a score of 1 indicates perfect spatial agreement.

Fig. 20 Hexagonal analysis of irrigated harvested areas in MIRCA-OS and EIM2010. The color bar indicates the 
number of grids within each hexagon. ‘r’ and ‘n’ represent the Pearson coefficient and the number of grid cells 
analyzed, respectively. The black line indicates the 1-to-1 line (i.e., no difference), while the red line represents 
the fitted linear regression.
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census-based downscaling approach with remote sensing methods could help overcome some of these data 
limitations by providing additional spatially detailed information on rainfed/irrigation status and crop type. 
Such fusion approaches could enable the production of finer-resolution datasets with improved timeliness and 
frequency

Another limitation within the MIRCA-OS data products is the use of static, monthly crop calendars. While 
the information used to develop these products represents the best available data on crop planting and har-
vesting periods, it is well known that farmers employ a range of dates within suitable planting and harvesting 

Fig. 21 Pixel-level spatial agreement on irrigation presence between MIRCA-OS and MirAD-Cropscape for 
the year 2015. Locations of agreement (depicted in Light blue) or disagreement (depicted in orange and red) are 
shown for the irrigated extent of four primary crops— cotton, maize, soybeans, and wheat. The bar chart on the 
right side shows the percentage levels of agreement and disagreement between the two datasets.
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Fig. 22 Hexagonal analysis of irrigated harvested areas in MIRCA-OS and MirAD-Cropscape for 2015. The 
color bar indicates the number of grids within each hexagon. ‘r’ and ‘n’ represent the Pearson coefficient and the 
number of grid cells analyzed, respectively. The black line indicates the 1-to-1 line (i.e., no difference), while the 
red line represents the fitted linear regression.

Crop

IoU score

2010 2015

Barley 0.429 0.404

Cotton 0.501 0.567

Fodder 0.574 0.659

Groundnuts 0.509 0.425

Maize 0.569 0.768

Other annuals 0.493 0.476

Other perennials 0.429 0.511

Potatoes 0.384 0.451

Pulses 0.373 0.366

Rapeseed 0.100 0.185

Rice 0.209 0.219

Rye 0.183 0.294

Sorghum 0.416 0.535

Soybeans 0.593 0.750

Sugar beet 0.309 0.334

Sugar cane 0.361 0.325

Sunflower 0.146 0.243

Wheat 0.550 0.669

Table 6. IoU scores of spatial agreement between MIRCA-OS and MirAD-Cropscape irrigated crops for 
the years 2010 and 2015. A score of 0 indicates no spatial overlap, and a score of 1 indicates perfect spatial 
agreement. Cassava, cocoa, coffee, millet, and oil palm are not cultivated in the US.
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windows depending on prevailing weather conditions and other information. However, such information on 
planting and harvesting remains difficult to gather comprehensively and consistently. In the future, cropping 
calendars that are time-varying (i.e., annually reported) and probabilistic (i.e., reporting the fraction of planted 
area sown/harvested within different parts of the planting/harvesting windows) can meaningfully improve our 
data products by better accounting for factors such as climatic changes and technological improvements41–44.

Fig. 23 Pixel-level spatial agreement on soybean presence between MIRCA-OS and GLAD for the years 2001 
to 2015. Locations of agreement (depicted in Light blue) or disagreement (depicted in orange and red) are 
shown for the extent of soybeans. The bar chart on the right side shows the percentage levels of agreement and 
disagreement between the two datasets.
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With these considerations in mind, the MIRCA-OS data products represent an important advance in the 
ability to evaluate crop-specific changes in irrigated and rainfed areas through time. MIRCA-OS can serve as an 
improved underpinning for a suite of global assessments related to agriculture, food security, water sustainabil-
ity, environmental burdens, and climate resilience.

Code availability
All code used to prepare the MIRCA-OS monthly irrigated and rainfed cropped area dataset is freely available on 
GitHub: https://github.com/EndiKebede/MIRCA-OS_Code.
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