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24 

Food production data scarcity is a critical and persisting information challenge preventing many 25 
countries from developing sustainable food system interventions. The lack of reliable, regularly 26 
collected, accessible, usable, and spatially disaggregated statistics limits an accurate picture of the 27 
state of terrestrial and aquatic food cultivation and harvest in many countries and has important 28 
implications for outcomes across the food system. Moreover, there is not a comprehensive 29 
understanding of where and in what ways food production information is currently lacking. Here we 30 
first conduct a comprehensive assessment of national and international food production databases to 31 
take stock of the current state of crop, livestock, aquaculture, and fisheries statistics available for 32 
each country globally. We find substantial global variation in data timeliness, granularity (both 33 
spatially and by food category), and transparency – with challenges concentrated in Central America, 34 
the Middle East, and Africa. Based on this, we then describe the technical, institutional, and political 35 
challenges that are contributing to conditions of data scarcity and discuss promising technological 36 
and policy innovations for most effectively addressing food production data scarcity. Fusing 37 
traditional and emerging data gathering techniques with coordinated governance and dedicated 38 
long-term financing will be key to overcoming current obstacles to sustained, up-to-date, and 39 
accurate food production data collection and is a foundational component of promoting and 40 
monitoring progress toward healthier and more sustainable food systems worldwide. 41 

1. Introduction42 

The production of crops, livestock, and aquatic organisms is one of humanity’s most important and 43 
extensive activities - providing food and fiber for the world’s people and covering more than a third of the 44 
planet’s land1,2 and oceans3. Because of the vast reach of agriculture - and its profound role in altering Earth 45 
systems4 and influencing human health and well-being7, food production is a key leverage point for solving 46 
sustainability challenges across multiple dimensions and meeting UN Sustainable Development Goal 47 
(SDG) targets5. The sector plays a central role in determining the extent to which nations can achieve SDG2 48 
– Zero Hunger. In addition, food production exerts important influence over numerous other SDGs through49 
its employment of over a billion people6 (SDG1 – No Poverty); its large diet-related global burden of50 
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disease7  (SDG3 – Good Health and Well-being); its dominant water footprint8 (SDG6 – Clean Water); its 51 
contribution to bioenergy9 (SDG7 – Clean Energy); its substantial greenhouse gas emissions (GHGs)10 52 
(SDG13 – Climate Action); and its extensive modifications of natural systems11 (SDGs 14+15 – Life Below 53 
Water and Life on Land). Given this multitude of linkages with multiple facets of sustainability, a detailed, 54 
accurate, and up-to-date understanding of the state of food production activities is an essential foundation 55 
for identifying where SDGs are (not) being met and for serving as a baseline upon which solutions can be 56 
built, tested, and implemented. Conversely, inaccurate food production information can, at best, lead to 57 
ineffective action and, at worst, guide actions at counter-purposes to improve a suite of sustainable 58 
development outcomes. 59 

Underpinning much of the national and global action towards achieving these multiple SDGs is 60 
food production data (Figure 1), the reliability of which can vary widely across products, countries, and 61 
years. The primary sources of food production data are large-scale censuses (comprehensive data-gathering 62 
efforts meant to occur every 5 or 10 years) or surveys (more frequent and less intensive sampling), with 63 
complementary remote sensing efforts being employed in certain countries. From a perspective of equitable 64 
global development, each nation would ideally have the resources to fund, implement, and execute these 65 
comprehensive data collection efforts, to develop robust sampling strategies, to collate, standardize, and 66 
store collected data, and to make the final data available to support development, investment, and research 67 
efforts. Yet it is clear that any one (or several) of these steps can impede the ultimate provision, reporting, 68 
and publication of official food production statistics. The inaccurate, incomplete, or delayed reporting of 69 
these data can lead to a distorted understanding of food production patterns and productivity and could 70 
contribute to misinformed and poorly targeted interventions. As just one example, recent work has shown 71 
that global gridded agricultural products - which inform the efforts of a suite of global assessments and 72 
consortia (e.g., AgMIP12, ISIMIP13, GEOGLAM14, CGIAR15) - are highly sensitive to the level of 73 
disaggregation of underlying food production statistics16–18. Yet, while these statistics are fundamental in 74 
shaping how humanity perceives and responds to sustainability challenges within food production systems, 75 
substantial gaps remain in the availability and accessibility of reliable, granular, and current data in many 76 
regions. This scarcity and unequal distribution of quality agriculture/food production data underscores the 77 
critical importance of identifying where and why such deficiencies exist. Quantifying and examining the 78 
root causes of insufficient agriculture/food production data is key to promoting evidence-based 79 
understanding and decision-making for sustainable food systems worldwide.  80 

In this perspective, we take stock of the current state of global agriculture/food production data 81 
scarcity, defined here as being insufficient in terms of spatial disaggregation (detail), timeliness (recency, 82 
temporal coverage, and resolution), food item specificity, and accessibility. To evaluate this, we first 83 
quantify the current state of and recent trends in food production data availability country-by-country for 84 
the production of crops, livestock, and aquatic organisms. We then examine key technical, institutional, and 85 
policy obstacles hindering the collection and dissemination of food production data globally. We conclude 86 
by highlighting promising pathways forward for improving global food production data availability and 87 
quality. Supporting concerted and creative efforts to address these hotspots of food production data scarcity 88 
is critical for enabling holistic progress towards achieving multiple dimensions of sustainable development. 89 

2. Current state of global food production data90 

Accurate food production information underpins the ability of nations to progress towards achieving the 91 
SDGs and other development goals19. However, the level of accuracy often varies widely between 92 
countries, food items, and years. Across crops, livestock, and aquatic production, our analysis reveals both 93 
common traits and distinct challenges in the global data landscape. Identifying these data blind spots in 94 
production statistics is an essential first step towards comprehensive and up-to-date data coverage on global 95 
food production. By evaluating the current state of data availability and deficiencies across different food 96 
sectors, we can begin targeting efforts to fill critical data gaps. 97 

2.1. Crop production 98 
Understanding the patterns, dynamics, and growth potential of crop production – particularly in 99 

regions of concern – is critical for assessing progress towards achieving the United Nations (UN) SDG 2 100 
by 203020. Information on the location, timing, and productivity of crop production is important for various 101 
applications, including yield forecasting, land use planning, and environmental impact assessment, among 102 
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many others. Yet there remains a widely varied understanding on global patterns of crop harvest and 103 
productivity (Figure 2). This stems largely from reliance on census-based survey data to quantify cultivated 104 
extent and productivity. Surveys employ varied sampling methodologies and resources, constraining 105 
standardization. As surveys will likely continue serving as the primary data source on crops, targeted 106 
improvements to survey design, analysis, and data-sharing practices are essential to fill key gaps. 107 

National government agencies (e.g., ministries of agriculture) are typically responsible for 108 
collecting, processing, and disseminating agricultural data within their countries21, and many are working 109 
to update their methods of collecting and standardizing the agricultural statistics systems. To better 110 
standardize these efforts across countries, the Food and Agriculture Organization (FAO) of the United 111 
Nations coordinates the World Program for the Census of Agriculture (WCA), which provides agricultural 112 
census guidelines for different countries and reviews their practices22. FAO compiles the national 113 
agricultural census from each country and makes it publicly available through the FAOSTAT23 database, 114 
which provides open-source agricultural data from 1961 and onwards24. Similarly, EUROSTAT25, the 115 
European Union (EU) statistical organization, provides a wide range of socio-economic and environmental 116 
data for member countries of the EU through its open data portal26. While substantial progress has been 117 
made in gathering and sharing agricultural data through these and other national and international efforts, 118 
census methodologies and dissemination vary across different countries24,27. This stems from differences in 119 
resources, the importance of agriculture, data needs, and the agreements between countries, FAO, and 120 
EUROSTAT. For example, EUROSTAT can only report data for which the EU has an agreement with the 121 
member states. Thus, even if a member state collects far more detailed data, it may not enter into the 122 
database as per an agreement with the EUROSTAT agency. The FAO is similarly bound by agreements 123 
with individual countries, on whose reports they rely. Partly because of this, the categorical and spatial 124 
variation in crop area and yield in different agroecological zones is poorly captured in FAOSTAT and other 125 
international and global datasets compared to national census portals.  126 

Crop calendars are an integral component of current and future solutions to agricultural data 127 
scarcity. Derived from censuses, models, and remote sensing applications28, they define the dates for 128 
different stages of crop cultivation, including planting and harvest. Among other uses, crop calendars are 129 
mainly utilized when monitoring crop conditions, forecasting and estimating crop yields, and monitoring 130 
crop conditions29. Existing crop calendars with global coverage include those produced by Group on Earth 131 
Observations’ Global Agricultural Monitoring (GEOGLAM) Crop Monitor, the United States Department 132 
of Agriculture Foreign Agricultural Service (USDA-FAS), the FAO, the European Commission Joint 133 
Research Center’s Anomaly hot Spots of Agricultural Production (ASAP),  Portmann et al.18 (as part of the 134 
MIRCA2000 dataset), and Sacks et al.30 which are typically provided at the national or subnational level 135 
(administrative levels 0 and 1). At this resolution, calendars are unable to capture regional variations at the 136 
sub-agroecological zone level that have on-the-ground impacts on cropping dates. To increase spatial detail, 137 
researchers have enhanced resolution for key crops (e.g., Becker-Reshef et al.31; Kotsuki and Tanaka32; 138 
Laborte et al.33 ). However, comprehensive higher-resolution crop calendars remain limited to major staples 139 
such as rice, soybean, and wheat. Improving the spatial granularity, crop diversity, and harvest date 140 
accuracy of published crop calendars can strengthen derived agricultural products, policies, and food aid 141 
mobilization. 142 

To assess the current state of global agricultural statistics, we conducted a comprehensive review 143 
of each country’s latest agricultural census for recency, spatial detail, and transparency (Figure 2). Through 144 
this assessment, clear regional patterns emerged, with limitations in regular censuses and data needs 145 
prevailing in Central America, the Middle East, and Africa – where nations continue to face limitations in 146 
conducting regular censuses and in meeting fundamental agricultural data needs19,34. For many countries in 147 
these regions, especially in Africa35,36, our findings align with FAO assessments indicating steady declines 148 
since the 1980s in government capacity to conduct censuses and in the quality and quantity of national 149 
agricultural statistics reporting.. In countries where agricultural censuses are not available or are not carried 150 
out regularly (Figure 2a), these increasingly outdated snapshots of the magnitudes, spatial patterns, and 151 
temporal trends of crop production risk mismanaging agricultural resources and misinforming interventions 152 
in the pursuit of rural development and food security goals. 153 

We also find that the degree of spatial disaggregation in crop statistics varies widely between 154 
countries (Figure 2b), hampering targeted action. Some countries (e.g., United States, Brazil, India, 155 
Australia) gather and provide agricultural data at fine spatial scales (i.e., county/district level) and 156 
categorical detail (i.e., distinguishing individual crops vs. aggregating in crop groups). But for many 157 
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countries, publicly available agricultural data is only at coarse administrative levels (i.e., state/province or 158 
national). This coarser resolution data can fail to capture the spatial variability of crop production 159 
statistics37, especially for countries dominated by smallholder farms38. Even when subnational data exists, 160 
the underlying administrative units may change over time due to renaming, splitting, merging, or 161 
aggregation. This requires reconciling spatial consistency of statistics through time, a challenge if original 162 
unit names change. Further, some developed countries exercise data privacy, restricting access to microdata 163 
critical for administrative-level estimates without agreements or payments. If administrative data risks 164 
privacy breaches, it may also be suppressed or combined across units.  165 

Finally, we assessed each country’s agricultural census transparency using the Findable, 166 
Accessible, Interoperable, and Reusable (FAIR)39 principles (Figure 2c). A detailed description of each 167 
criterion and its corresponding score can be found in the supplementary material. Using country-specific 168 
information from the FAO’s WCA portal on metadata, census reports, questionnaires, and methodological 169 
reports, we evaluated transparency based on nine defined criteria for findability, accessibility, 170 
interoperability, and reusability of each country’s agricultural census (see Figure 2 caption for details on 171 
criteria). Encouragingly, most of the countries following WCA guidelines have moderate to full 172 
transparency, while a few countries (e.g., Ethiopia, Oman, Yemen, Libya, and Turkey) have overall low 173 
transparency of agricultural census reports.  174 

Despite the existing challenges in data availability and transparency for crop production, multiple 175 
global and regional efforts have mapped spatial patterns and temporal trends of cropped areas. Perhaps 176 
most widely known are several global crop-specific harvested area and yield datasets that have been 177 
developed by combining census statistics with remote sensing data18,40–42. These include the most 178 
comprehensive global gridded datasets on harvested area and yields for 175 crops41 and monthly irrigated 179 
and rainfed cropped areas (MIRCA) for 26 crop classes18. However, these and other global datasets are 180 
centered on the year 2000 and are becoming increasingly outdated. Yet despite the dynamic nature of crop 181 
production patterns, most recent agricultural and environmental studies still use these aging datasets due to 182 
limited or the lack of alternatives43–45. Updated and current, time-varying, and spatially detailed information 183 
of cropped areas and yield is urgently needed to support targeted and informed decision-making.  184 

Some ongoing efforts – including the GAEZ46 (Global Agroecological Zones) and SPAM16 (Spatial 185 
Production Allocation Model) datasets – are attempting updates but face constraints from underlying 186 
statistics. Emerging remote sensing datasets also attempt to provide updated global cropland extents47–49 at 187 
fine spatial resolutions. However, accurately estimating actual cropland area and distinguishing crop types 188 
remains challenging. Spectral and temporal similarities between cropland and grassland often cause poor 189 
cropland identification, especially in less intensified regions such as Africa34,50. The substantial resources 190 
required to support ground-truth data collection as well as computational needs are also considerable 191 
constraints on purely remote sensing approaches. At present, a fusion of survey-based census data, 192 
modelling, and remote sensing may offer the most promise for resolving the challenges of comprehensive 193 
global crop mapping. 194 

2.2. Livestock production 195 
A wide range of data on livestock populations, distributions, and production appears readily available 196 
(Table 1) (e.g., Livestock Data for Decisions: https://www.livestockdata.org/type/datasets). However, the 197 
livestock data landscape is far more complex than this apparent widespread availability of data products 198 
would suggest. For domesticated livestock species, country-level data on animal numbers and production 199 
levels are accessible in FAOSTAT, compiled from a wide range of sources including national censuses, 200 
surveys, and estimation procedures. FAOSTAT data offer valuable comparability across and between 201 
countries and regions, near-global coverage, and an annual time series dating back to 1961 for most 202 
variables. As such, national FAOSTAT data on livestock production have been (and will continue to be) 203 
used in innumerable analyses where data comparability, broad or global coverage, and temporal trends are 204 
deemed to be important. 205 

While useful, FAOSTAT data has limitations. Country-level data can mask substantial subnational 206 
heterogeneity and rapid local changes between infrequent national surveys. This is increasingly the situation 207 
for rapidly expanding research and policy applications, for example, in development research, animal 208 
health, economics, and environmental adaptation, and mitigation science51. For more spatially explicit 209 
research, the Gridded Livestock of the World52,53 (GLW) dataset is the global standard, mapping 210 
populations of cattle, buffaloes, horses, sheep, goats, pigs, chickens, and ducks for the years 2010 and 2015. 211 
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GLW is based on national census data downscaled to a spatial resolution of 5 arcminutes or about 10 km at 212 
the equator and allocated spatially using a set of suitability layers and other spatial predictors.51 Beyond 213 
GLW, there are few other livestock mapping efforts, excluding highly localized studies. The analytical 214 
methods involved in the current and previous versions of GLW are described in the literature54,55. National 215 
livestock census data are key to efforts such as GLW, and while such data are available for many countries, 216 
their quality, resolution, and timeliness are highly variable, and considerable efforts have to be expended 217 
on collation, harmonization, and standardization before they can be used55. The date of census data 218 
collection is also highly variable: the census data in GLW version 4 ranges from the early 1990s to 2019, 219 
with all data at the pixel level being harmonized to the national level FAOSTAT data for the years 2010 220 
(GLW3)  and 2015 (GLW4)53. 221 

Other widely used global livestock datasets include the Global Livestock Production Systems 222 
(GLPS), the Global Environmental Assessment Model (GLEAM) (Opio et al. 2013; MacLeod et al. 2013; 223 
FAO 2022) and the Herrero et al. dataset on livestock biomass use, production, feed efficiencies, and 224 
greenhouse gas emissions56,57. Developed by Kruska et al.58 and expanded by Robinson et al.57, GLPS 225 
classifies livestock systems into 11 to 14 types mapped using proxies from the non-spatial livestock 226 
classification scheme of Seré and Steinfeld59. A limitation of GLPS is the lack of detail on mixed crop-227 
livestock systems, partly due to inconsistencies across crop and livestock datasets. Unlike the GLPS, the 228 
farming systems mapping by Dixon et al.60 later updated for Africa, is not derivable from spatial data. The 229 
Herrero et al.56 dataset harmonizes livestock populations and milk and meat production data with year 2005 230 
and 2010 FAOSTAT data and spatially downscales biomass use and GHG emissions using plausible feed 231 
rations. This dataset is a unique resource and is currently being updated to the year 2020. Beyond these 232 
datasets, few (if any) alternatives exist for comparative global or regional studies. The GLEAM model uses 233 
a similar workflow but different methods and resolution, and it does not attempt to harmonize all FAOSTAT 234 
statistics. This tool is mainly designed to assist countries in their preparation of Nationally Determined 235 
Contributions. Efforts to harmonize inputs like animal body weights and feed rations between the two 236 
models and datasets are underway.  237 

In addition to national censuses, household survey datasets such as the Living Standards 238 
Measurement Studies (LSMS) and Rural Household Multi-Indicator Surveys61 (RHoMIS) provide 239 
livestock information. The recent rounds of LSMS contain a comprehensive livestock module and enable 240 
a range of analyses of livestock’s contribution to livelihoods62. RHoMIS uses a modular approach to 241 
household data collection, with modules for various agricultural activities (including livestock), and 242 
contains  data for around 45,000 households across 36 countries. While useful for studies not requiring 243 
complete coverage, sampling designs can limit spatial analysis51. 244 

Major livestock data gaps remain, especially in lower- and middle-income countries. Ruminant 245 
diets comprise diverse feed resources - grasslands, crop residues, supplements, fodder - which have been 246 
understood through surveys, but incomplete coverage hinders many types of analyses. Gaps also exist 247 
concerning the number and distribution of different animal breeds - with GLW3 even inferring dairy and 248 
dual-purpose (milk-meat) production from other data, and there remains a persistent lack of detailed 249 
distribution datasets of even broad classes of livestock, such as cattle. Promising opportunities to fill gaps 250 
include digital data collection in real time - via mobile and social media and sensor technology - as well as 251 
the use of crowdsourcing and other participatory methods63,64,65, in combination with remote sensing and 252 
AI tools66.  253 

 254 
2.3. Aquatic food production  255 

Fish and other aquatic foods represent a highly diverse (and often understudied) food sector, comprising 256 
over 2,600 species and species groups caught and farmed in marine, brackish, and inland environments. 257 
Across this diversity, small-scale to industrial producers employ a wide range of fishing and farming 258 
methods. As a result, monitoring production across the sector requires compiling information from a wide 259 
range of actors and governmental agencies. The Coordinating Working Party (CWP) on Fishery Statistics 260 
provides standardized definitions, methods, and minimum requirements for reporting fisheries and 261 
aquaculture statistics at a global scale. Member organizations of CWP on Fisheries Statistics mainly report 262 
data through the STATLANT system of questionnaires, with data generally collected through national and 263 
regional census-based and sample-based schemes67. FAO reports or calculates estimates for country-level 264 
production: “When data are not reported or only partially reported, FAO implements estimates based on 265 
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the best information available from alternative sources, including those from [regional fishery bodies] in 266 
the case of capture fisheries”68. The FAO freely provides global fishery and aquaculture data through bulk 267 
downloads and the FishStatJ computer application and summarizes this data in the biannual State of 268 
Fisheries and Aquaculture report produced by the Committee on Fisheries. Although there has been great 269 
progress in the data available on aquatic food production, there are still significant data gaps for both capture 270 
fisheries and aquaculture. 271 

Capture fishery production data are reported for 2,647 species/species groups by marine, brackish, 272 
and inland habitat type (FAO FishstatJ). Although national statistics generally include finer resolution of 273 
where fish are caught, FAO statistics are reported as a catch within one of 19 major fishing regions. The 274 
limited geographic resolution of catch obscures the extent of distant water fishing operations – or harvest 275 
occurring outside the fishing country’s waters –as fishery production is generally attributed to the fishing 276 
vessel flag state irrespective of where the fishing occurs67. Other efforts to spatialize catch include those 277 
which build on FAO statistics, such as Watson69 and Zeller et al.70, and those based on remotely detecting 278 
fishing activity, such as Kroodsma et al.71. where remote detection stems from thousands of fishing vessels 279 
continuously broadcasting their GPS position and identity via the Automatic Identification System (AIS) 280 
or national Vessel Monitoring Systems (VMS) on a daily basis.  281 

 Fishery catch statistics are generally reported as nominal catch, which represents the live weight 282 
equivalent of landed catch. Nominal catch aims to represent the contribution of fisheries to the economy 283 
and provision of food. It, therefore, does not include organisms caught and discarded, catch utilized prior 284 
to landing (for example, consumed by the crew or used as bait), or landings that are rejected or dumped67. 285 
A notable difference in the collection of catch statistics compared to other food subsectors is that catch data 286 
is a critical input for stock assessments, which inform management for many industrial fisheries and creates 287 
an incentive for collecting quality production data that is unique to fisheries. Catch data collection methods 288 
vary across industrial and small-scale fisheries, leading to differences in the comprehensiveness of catch 289 
data. Operators in industrial and semi-industrial fisheries often report collected data to a fishing authority 290 
as part of licensing and reporting requirements, which forms the basis of census-based schemes67. Although 291 
industrial fisheries are responsible for much of the catch, the majority of fishers are engaged in small-scale 292 
and artisanal activities, resulting in geographically dispersed catch often governed by local communities. 293 
Consequently, estimates of catch by small-scale and industrial producers are often survey-based, with 294 
uncertainty around the degree of coverage for this subsector67. An additional fishery catch data gap is 295 
Illegal, Unregulated and Unreported (IUU) catch, which by their nature are poorly captured by official 296 
statistics. Reconstructions of marine catch data estimate that global catch is 50% higher than reported in 297 
FAO72, while comparisons with household surveys indicate inland catch is approximately 65% higher than 298 
reported73. It should be noted that FAO global values fall within the uncertainty of reconstructions74 . FAO 299 
also engages in addressing IUU and smaller scale catch in other ways, including the Global Record of 300 
Fishing Vessels, Refrigerated Transport Vessels and Supply Vessels, development of voluntary guidelines. 301 
In addition to catch weight, catch value is often important information, but it is not currently included in 302 
international statistics75, like it is for aquaculture. 303 

Similar to wild capture fisheries, data on aquaculture production are largely reported in live or wet 304 
weight, with 652 reported species units in FAO statistics75. As of 2020, aquaculture accounted for over half 305 
of all aquatic food production (seaweeds included), but the data from 70% of aquaculture-producing 306 
countries consisted entirely of  FAO estimated species production (i.e., data are not reported or only 307 
partially reported by the producing country, requiring alternative sources); this is compared to only 22% of 308 
estimated values for wild capture, suggesting a higher level of uncertainty in the aquaculture data. Further, 309 
the amount and number of organisms farmed are likely underestimated due to data limitations75. Notably, 310 
aquaculture in a given country usually does not have a government-issued, standalone regional entity and 311 
instead falls into agriculture and/or a fishery agency or body, which can create data gaps and errors. 312 

Aquaculture shares attributes (and resources) of agriculture and wild capture fisheries, including 313 
where and how it is produced. Aquaculture can operate on private property (for example, freshwater) or 314 
common-use areas (for example, oceans). Although not unique to aquaculture, there are also a myriad of 315 
ways to grow different organisms that vary between countries, farms, and species, including sourcing seed 316 
from the wild (i.e., capture-based aquaculture), using different technologies (for example, recirculating 317 
systems vs open pens), and levels of intensity (for example, extensive vs intensive) (FAO Aquaculture 318 
Methods, Klinger et al.76). While data on production practices is a collective challenge faced by all sectors, 319 
where it occurs can introduce unique problems because data collection tends to be a function of a region’s 320 
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regulatory requirements of reporting. At the most basic level, differences in what is defined as ‘aquaculture’ 321 
(note, FAO has a standard definition, but it does not necessarily match the regional reporting body) or what 322 
units are reported (for example, pieces vs bushels) can differ from one agency to the next, introducing data 323 
issues77 (for example, Froehlich et al.77). As a result, some core measures reported in other sectors are absent 324 
from global aquaculture, in particular yield. 325 

Yield provides a unifying measure of scale and productivity over time, but there is a dearth of 326 
information for aquaculture compared to agriculture. One major reason for a lack of yield information is 327 
likely the result of little to no information concerning the spatial location and extent of existing farms. There 328 
is currently no global map of freshwater aquaculture, and a map of most marine aquaculture around the 329 
world (excluding seaweeds) was just recently published78, but does not account for changes over time, nor 330 
is it able to discern active sites (versus pre-leased or fallowed). Combining production values with spatial 331 
estimates from reported (agencies or farmers) or observational sources (e.g., remote sensing79) can help fill 332 
this gap going forward, especially in areas with high densities of aquatic farms. However, other factors such 333 
as feed, feed conversion ratio, and grow-out mortality all influence yield and a broader understanding of 334 
sustainability but remain extremely heterogeneous and underreported.  335 

FAO fishery and aquaculture production data serves as the backbone for countless peer-reviewed 336 
papers, reports, and databases. For example, FAO marine fishery data underpins catch reconstructions in 337 
the Sea Around Us database80. Many limitations of fisheries and aquaculture production data noted above 338 
are related to issues with national reporting that are beyond FAO control. Nevertheless, global fishery and 339 
aquaculture data provision can be improved through more detailed metadata, particularly as it relates to 340 
data provenance, transparency in assumptions and uncertainty, and documenting changes to data through 341 
release notes. Tracing data back to its origins is critical for understanding assumptions in the data collection, 342 
detecting errors in the data, and linking data with other national data sources. Thus, relaying the data 343 
provenance in the metadata is a critical first step. In any data management and modeling exercise, there are 344 
numerous sources of assumptions and uncertainty that are important for appropriately interpreting data. In 345 
the case of fisheries and aquaculture data, more detailed flags on value estimation and reporting applied 346 
live weight conversion factors would improve transparency of assumptions, while reporting measures of 347 
uncertainty is important for users to capture uncertainty within their own applications of the data. Finally, 348 
as the data is regularly improved over time, it would be valuable for legacy data and data release notes 349 
detailing the changes to be maintained in a visible location. This would facilitate reproducibility of analyses 350 
based on older versions of the data and would improve communication of the changes and improvements 351 
to the database itself.   352 

353 

3. Challenges of global food production data354 

The current state of food production data scarcity is characterized by substantial variation in quality and 355 
detail across countries, time, and food products. While there are a growing number of publicly accessible 356 
agricultural data sources – largely due to a combination of increased global participation in cross-357 
disciplinary research and development of agricultural and information technologies, there remain manifold 358 
technical, institutional, and policy barriers to the increased collection, dissemination, and use of agricultural 359 
data globally. 360 

361 
3.1.  Technical challenges 362 

Food production data is prone to quality issues such as sampling, processing, and coverage errors, which 363 
can significantly undermine the credibility of census reports. Beyond simply creating these datasets, a major 364 
challenge for their downstream use is the statistical sampling of the datasets. 365 

Crops: Many publicly accessible agricultural datasets are collected using convenience or 366 
opportunistic sampling (or in the case of farmer surveys, from whomever responds). This results in datasets 367 
that are biased, poor quality, and not representative of the data population63. Not enough attention has been 368 
given to addressing this issue, with more emphasis on retroactive adjustment than anticipatory choice in the 369 
early enumeration stage63. For map-relevant and well-sampled datasets that can be used for proper accuracy 370 
assessment and agricultural statistics (for example, production or area), sampling techniques such as simple 371 
random sampling, stratified random sampling, or systematic sampling must be employed96,97. In addition, 372 
datasets should be documented with as much detail as possible about the data collection procedures, choices 373 
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made, expertise of annotators, any quality assessment and control (QA/QC) performed, and other important 374 
information influencing data quality and interpretation. For geospatial and remote sensing datasets in 375 
particular, large globally distributed datasets of cropland have resulted from land cover and land use 376 
mapping initiatives, which typically include cropland as a class. While the presence of cropland (broadly 377 
defined as land used for growing crops) can in most cases be determined from inspecting high-resolution 378 
remote sensing images, there is still much inconsistency around what constitutes “cropland” across datasets. 379 
For example, some datasets define cropland to include tree crops like palm or coffee, while others do not98. 380 
These challenges are far greater for data collection with more fine-grained categories than the presence or 381 
absence of cropland, such as crop type, cultivation practices (e.g., tillage, cover cropping, irrigation, etc.), 382 
nitrogen or other input use, livestock stocking rates or pasture management, pests or disease, and fallow 383 
status. Annotators must visit the data locations in situ during the relevant time of the growing season to 384 
“ground truth” the observed category. For some categories – for example, crop type in intercropped fields, 385 
level of tillage, or cover crop variety—more detailed annotation is needed to effectively use the data in 386 
downstream applications. Collection of field-scale yield data is particularly challenging, very expensive, 387 
and error prone63,99. In some cases, such data are recorded in some form by farmers, farming equipment, or 388 
equipment companies, but these data are not typically available to the public or research community. 389 

Livestock: Livestock presents a conundrum in the agricultural development space; despite 390 
livestock’s multi-dimensional importance to the livelihoods of at least 1.3 billion people globally, the 391 
critical role of the sector has never been reflected in development assistance, research outputs or, indeed, 392 
the data landscape. From a data perspective, for instance, data collection approaches in livestock systems 393 
have not developed substantially over the last 40 years or so (Carletto et al.63), although the methods of data 394 
collection have certainly evolved (high-resolution remote sensing, drones, tablets, and smartphones). Even 395 
where methods have evolved, as noted above with respect to crops, higher-resolution remote sensing 396 
methods for helping to estimate livestock populations and gather data on many livestock-related 397 
management variables, for example, still face considerable challenges. These include the following. First, 398 
defining the nature and extent of grazing systems and the complexity of associated land cover (including 399 
pasture, browse, bare land, and all gradations in between) present considerable difficulties. The challenges 400 
of separating land use from land cover leads to a broad range of estimates of the extent of grazing systems 401 
locally and globally100. Second, in many lower- and middle-income countries, mixed crop-livestock systems 402 
predominate. These systems involve crops and livestock occupying the same or adjacent areas, and globally, 403 
70% of farms are less than 1 hectare in size101, further complicating the robust characterization of the 404 
livestock and crop components of small-field mixed systems. Third, unlike with crops, transboundary issues 405 
are particularly relevant for pastoral systems (nomadic, transhumant, agro-pastoral). Although there are 406 
challenges in assembling meaningful national data on livestock populations in many countries, databases 407 
on animal numbers, locations and movements are essential for preparing for, managing, and mitigating the 408 
risks of certain transboundary diseases that may have high potential impacts, such as foot-and-mouth 409 
disease102. Fourth, even where data do exist, there may be complex issues concerning legitimacy and 410 
accessibility in many situations, highlighting the socio-cultural challenges and power asymmetries that can 411 
militate against effective data sharing103. 412 

Fisheries and Aquaculture: Accurate and consistent fisheries-dependent data are required to 413 
sustainably manage fisheries of all scales104. However, the wide ranging, mobile, and relatively invisible 414 
nature of fisheries make such data collection challenging, time-intensive, and costly. Numerous 415 
stakeholders can be involved in data collection, and data is often recorded using paper-based logs and/or 416 
on-board observer programs that suffer from very low fleet coverage105. The huge variety of harvested 417 
marine species makes accurate species reporting a challenge. While FAO capture fishery data include 2,647 418 
categories, many of the largest categories by volume are highly aggregated. In 2020, 10.5 million tonnes, 419 
or ~13% of global production, was categorized as “marine fishes not elsewhere included”75. Electronic 420 
monitoring (EM) is emerging as a promising strategy for comprehensive catch monitoring, including 421 
bycatch and discards. However, a review of over 100 EM trials and programs found challenges with data 422 
quality, storage, and transmission as well as overall system failure and prohibitively long data review 423 
times106.  424 

Vessel tracking systems have proven useful for detecting and characterizing industrial fishing 425 
activity71,107. Use of vessel tracking systems varies by region and fleet, but are generally biased toward 426 
larger vessels (>24m) from upper/middle income countries that have adopted AIS measures stricter than 427 
the Convention for the Safety of Life at Sea (SOLAS), the international regulation governing AIS, which 428 
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explicitly exempts fishing vessels. Only around 2% of the world’s 2.8 million fishing vessels and less than 429 
0.4% of vessels under 12 meters broadcast their position over AIS108. AIS devices can also be manipulated 430 
or turned off, often without penalty, obscuring fishing activity and potential IUU catch109. Additionally, not 431 
all AIS messages that are broadcast are recorded due to variable terrestrial coverage and satellite reception. 432 
In areas with high vessel density – such as the South China Sea, Mediterranean Sea, and Gulf of Mexico – 433 
AIS messages interfere with one another, preventing them from being recorded by satellites. VMS systems, 434 
which generally carry strict penalties for tampering, are proprietary and data are rarely shared publicly in 435 
usable formats. Additionally, there is no standard format for VMS data, and efforts to merge data from 436 
multiple sources face challenges associated with different broadcast intervals, schemas, metadata, and units. 437 

Satellite imagery, while useful for large-scale detection of fishing vessels110,111 and aquaculture 438 
farms112, have several limitations as well as technical challenges specific to marine applications. Orbital 439 
mechanics and satellite reception result in variable spatial and temporal coverage, as most public earth 440 
observation satellites, including the important Landsat and Copernicus missions, have multi-day revisit 441 
frequencies and do not image the open ocean. Small-scale vessels are also less likely to be detectable in 442 
these imagery collections due to insufficient pixel resolution, and suitable high resolution imagery (<1m) 443 
from commercial providers like Maxar (https://www.maxar.com/) and Planet Labs 444 
(https://www.planet.com/ ) may be cost prohibitive at even moderate spatial scales. Synthetic Aperture 445 
Radar (SAR) is a proven method for detecting vessels at sea111 and multiple forms of aquaculture112,113. 446 
However, the complexities of SAR images complicate the ability to discern vessel characteristics, such as 447 
gear type, and radar signals are reflected by the water’s surface, limiting their utility for sub-surface 448 
aquaculture detection. Optical imagery, particularly at high resolution, offers increased potential for 449 
detecting and classifying at sea vessels and aquaculture but is limited by weather (e.g. clouds) and daylight. 450 
Yet, infrared imaging radiometer suite (VIIRS) day and night band (DNB) optical remote sensing images 451 
can be an effective source of information capturing vessel lights,  especially fisheries that use lights as a 452 
harvest strategy (e.g., squid)114,115. Though the most effective, but computationally intensive approach is 453 
the combined use of a variety of observational sources (e.g., ref116).However, remote observations are not 454 
direct measures of production and cannot provide information on species composition unless paired with 455 
additional data, such as from logbooks. 456 

A further technical challenge for fishery and aquaculture data is that there is no universally accepted 457 
distinction between small-scale and industrial fisheries. Definitions of the sectors, based on a range of 458 
characteristics, vary across countries, resulting in inconsistent inclusion of small-scale production in 459 
national reporting requirements116,117. Modern fisheries management, which developed largely in response 460 
to industrial fishing, has often deprioritized small-scale producers in data collection efforts and exempted 461 
them from self-reporting. Similarly, there is no uniform definition of small-scale aquaculture, as production 462 
methods and scales differ considerably across regions, and aquaculture development has often proceeded 463 
ad hoc in the absence of clearly defined property rights in the ocean. Efforts at defining small-scale aquatic 464 
production are complicated by its distributed nature, coupled with limited budgets and capacity for 465 
monitoring and reporting118. 466 
 467 
3.2. Institutional and policy challenges  468 

Multiple institutional challenges obstruct comprehensive agricultural data collection and curation. 469 
A major challenge related to data collection is the lack of consistency and duplication of effort between 470 
various agencies and organizations, including government, research institutions, and INGOs. In some 471 
countries, there is also ambiguity about an institutional mandate for collecting and disseminating 472 
agricultural data119. Data collection efforts are often siloed within individual departments or institutions, 473 
and even within the same broader institution (for example, federal government), leading to a lack of 474 
coordination and sharing. For example, fisheries and aquaculture are often managed by different agencies 475 
or ministries and often not the ministry of agriculture. This creates potential reporting gaps and mismatches 476 
in the available information. Beyond this, institutions that are (or could potentially be) in charge of 477 
collecting data (for example, agricultural ministries) also often lack the capacity and expertise to adopt 478 
innovative methods for data collection or data provisioning, particularly in low-income countries63. 479 
Additionally, sharing of food production data between countries and/or organizations is often challenging, 480 
worsened by inconsistent data privacy protocols and platforms 120. The lack of coordination among national 481 
and international organizations results in poorly harmonized agricultural data sources19. While some data 482 
collection efforts are integrated with the data users (for example, agricultural statistics agencies), in many 483 
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cases, the data collector and the data scientist are also separated, leading to a gap in needs from both sides. 484 
There is a need for more cross-institution and cross-disciplinary collaborations throughout the agricultural 485 
data life cycle to address these gaps. Such collaborations could also increase the likelihood that a dataset is 486 
hosted and maintained over long periods of time, for example, beyond the duration of a funded project at a 487 
particular institution, and that the dataset is provided in formats usable by a wide range of users (i.e., 488 
interoperable). 489 

Similarly, policy silos exist within and across countries and institutions, both in the public and 490 
private sectors. This makes it difficult to aggregate data and derive meaningful insights even within one 491 
country 121. Policy silos also impact which data are prioritized for collection (and which are overlooked)122 492 
and contribute to issues related to data privacy and sharing. Different institutions have varying policies 493 
around data privacy and sharing, leading to inconsistencies in how data are collected, stored, and shared. 494 
The lack of coordination and inconsistencies in data collection, management, and analysis lead to a 495 
fragmented data landscape. For instance, some institutions may collect farmers’ personal information 496 
without their consent, while others may not collect this information at all. In addition, geo-referencing data 497 
is crucial for satellite data analysis, but a lot of critical data is collected without geo-referencing, limiting 498 
their utility122. Moreover, some institutions do not share data with other stakeholders due to concerns about 499 
data privacy and security, while others may be more open to data sharing. This further exacerbates the 500 
problem of fragmented data, making it difficult to derive comprehensive insights into agricultural 501 
production and food security123,124.  502 

Perhaps the most critical obstacle hindering systematic agricultural data collection by government 503 
organizations – particularly in Sub-Saharan Africa – is the lack of steady and sufficient public funding. 504 
Without dedicated long-term financing to develop centralized data infrastructure and standards, data 505 
collection efforts remain siloed, sporadic, and disjointed across various agencies. This severely impedes the 506 
assembly of high-quality, consistent datasets needed to inform policies and interventions. While there is a 507 
growing recognition of the importance of agricultural data, many policies are not implemented due to 508 
significant funding gaps. This often hinders the implementation of mandates on data collection, 509 
management, and sharing particularly in developing countries. It also limits the adoption of new 510 
technologies, such as remote sensing and Artificial Intelligence (AI) /Machine Learning (ML), which 511 
augment traditional monitoring and assessments. Overcoming funding inconsistencies is the foremost 512 
challenge that must be addressed to improve inter-institutional coordination, reduce duplicated efforts, build 513 
capacity, and establish sustainable data systems. Concerted efforts are needed to secure enduring financial 514 
support that enables a more integrated, effective approach to agricultural data gathering across Sub-Saharan 515 
Africa. No other intervention would be as broadly impactful in overcoming current data deficiencies as 516 
establishing the consistent financing required for strengthened systems and collaboration across 517 
governmental bodies. 518 

Agricultural research and development organizations accumulate vast amounts of data annually 519 
from numerous farmer surveys and field trials. However, despite the substantial efforts and costs involved 520 
in collecting these data and the value of these data for research re-use, minimal infrastructure currently 521 
exists to systematically document, share, and curate this information. For example, only a small fraction of 522 
the data gathered are readily FAIR (findable, accessible, interoperable, and reusable) by the wider research 523 
community. While some of the challenges are institutional, such as limited open access and 524 
interoperability124, targeted improvements in data governance could help overcome these hurdles. 525 
Specifically, coordinated development and application of data documentation, dissemination, and 526 
formatting standards, alongside raising awareness of FAIR  principles, could greatly enhance preservation 527 
and utilization of survey data assets. Initiatives are needed across local, national, and international levels to 528 
implement improved governance that simultaneously establishes community data sharing norms and builds 529 
capacity for proper data curation. By tackling obstacles in unison through governance that advances 530 
standards and education, the vast potential of accumulated survey data to inform agricultural research could 531 
be more fully realized. 532 

Private sector investments can lead to improved productivity and efficiency, including investments 533 
in data collection that benefit both the public and private sector125. However, large volumes of data and 534 
insights increasing in the hands of the private sector - with no clear policies and regulations around who 535 
can collect what data and when - can disadvantage farmers in addition to exposing them to exploitation126 536 
(often smallholders and rural communities). Moreover, while privately collected and held data might have 537 
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valuable insights and information, companies rarely share data publicly. This creates further challenges in 538 
ensuring access to relevant and accurate data, limiting the development of comprehensive policies and 539 
strategies. Further, contextually irrelevant policies that do not consider the characteristics of the target 540 
population often lead to ineffectiveness, unintended consequences, lack of buy-in, waste of resources and 541 
inequity127 .  542 

For livestock, aquaculture, and fisheries, substantial differences in country-specific regulations are 543 
ill-equipped to address transboundary issues, such as diseases and climate change, which can significantly 544 
affect international trade access and domestic food security102. Successful monitoring and control of 545 
transboundary diseases is greatly dependent on governmental cooperation, something that can be made 546 
considerably more challenging with incompatible or inconsistent surveillance systems and regulatory 547 
frameworks in the countries likely to be affected102. Furthermore, as Rotz et al.128 point out, just about 548 
anything “digital” comes with critical political economy considerations – in particular, data ownership and 549 
control, as well as data security. National agricultural data governance frameworks do not always reflect 550 
farmers’ concerns and expectations129. While aquaculture challenges largely mirror those faced by livestock 551 
with respect to transboundary and diseases-related issues, they do perhaps have a higher concern of a risk 552 
of escapees and their potential impact on local ecosystems, including wild capture fisheries (e.g., Jensen et 553 
al.130). Meanwhile, fisheries face additional challenges given that stocks can span multiple jurisdictions, 554 
often requiring regional management approaches. However, as many fish stocks shift due to climate change, 555 
new entities can gain access to fisheries, requiring renegotiation or creating potential conflict131. 556 

4. Socio-Technical Levers for Data Abundance 557 

A variety of technological and policy innovations are potentially available or in development that offer new 558 
opportunities for overcoming many of the challenges causing food production data scarcity to persist 559 
(Figure 3). Technological innovations in digital monitoring can complement more conventional methods 560 
of data gathering, management, and sharing. For example, d’Andrimont et al.132 demonstrated an innovative 561 
data gathering approach that used street-level images and machine learning to detect crop phenology status 562 
over large areas. However,  the development and deployment of these new approaches requires an enabling 563 
policy environment with appropriate incentives, regulations, and benefits sharing133. As such, bundles of 564 
socio-technical innovations - that combine new technologies with coordinated policy - will be necessary 565 
for coordinating stakeholder priorities, investments, and multi-scalar governance in transforming the 566 
agricultural datascape to the benefit of all134. 567 

4.1. Technological opportunities 568 
Advanced technologies have great potential to assist data collection, but use of this technology still depends 569 
on access to other resources (e.g., electricity) and governance. Such technologies can increase the scale of 570 
agricultural datasets (such as, geographic and temporal coverage, number of data points, etc.) in a number 571 
of ways. For instance, rapid acquisition and automated analysis of street-level images can be used to 572 
efficiently collect samples over a large area at low cost132,135,136. Commercial off-the-shelf drones or micro 573 
air vehicles are also being used to efficiently collect observations of agricultural areas at low cost137, though 574 
the use of drones in some regions can be complicated by policy or local community restrictions or 575 
regulations. Citizen science and crowdsourcing initiatives are making use of online annotation and 576 
smartphone technologies to collect large-scale agricultural datasets globally98,138. However, special 577 
attention must be invested in such projects to review novice annotations and ensure high quality98. The 578 
growth of agricultural technology (agtech) companies also presents opportunities for partnerships that 579 
leverage data collected by companies for commercial purposes to be used for scientific research139,140. These 580 
innovative strategies can provide more comprehensive and diverse datasets than data collection efforts that 581 
rely on traditional data collection mechanisms such as in situ or farmer surveys. These technologies can 582 
also provide more accurate and precise measurements using high quality (yet low cost) sensors such as in 583 
situ sensors or smartphone GPS, compared to qualitative surveys or farmer recall.  584 

Satellite remote sensing data can also be used to fill data gaps in the status and monitoring of 585 
agricultural variables; however, its utility relies heavily on high quality ground-truth data for model 586 
calibration and validation. High quality in situ datasets detailing the time and location that a particular 587 
agricultural category or quantity was observed can be paired with myriad Earth observation datasets that 588 
provide environmental and biological covariates for downstream analyses. ML technologies can be used 589 
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with satellite remote sensing data to build correlative models that predict agricultural characteristics like 590 
crop type, yield, or cultivation practices from Earth observations (such as reflectance in certain 591 
wavelengths, precipitation, and temperature)141–143. Yet, the increasingly resolved information that these 592 
technological advances promise also poses substantial challenges in terms of data privacy and ethics. In 593 
this regard, emerging technologies such as blockchain and federated learning have the potential to address 594 
privacy concerns related to agricultural datasets (for example, anonymization) while allowing such datasets 595 
to be made available for public research. Blockchain technology can be used to create a secure and 596 
transparent system for sharing data while maintaining data privacy through anonymization and ensuring 597 
only authorized parties have access to data144,145. Federated learning allows for machine learning models to 598 
be trained on distributed datasets without the need for data to be centralized in a single location. This allows 599 
individual farmers or institutions to keep their data local and have control over its access and use146. 600 
Federated learning can also help to mitigate concerns related to data bias by ensuring that models are trained 601 
on a diverse range of datasets.  Additional techniques for the anonymization of geo-referenced data (such 602 
as anonymized spatial coordinates and sample displacement) are being increasingly promoted147. 603 

Many of the technologies outlined above in relation to crop data can also be applied to livestock 604 
data, including new and improved methods of data acquisition and automated data analysis for determining 605 
livestock populations and characteristics such as species and breed. Two more livestock-specific 606 
innovations with substantial potential for providing data of great utility are animal-based methane 607 
measurement (in ruminants) and precision livestock farming. Several non-invasive methods are available 608 
to measure methane production in animals. These include microbial biomarkers in the rumen that if 609 
heritable could be used for targeting purposes, GHG emission monitoring systems using hand-held methane 610 
sensors, and ingestible methane detection capsules and other sensors that allow continuous monitoring with 611 
WiFi148–150.  All such methods currently have some disadvantages such as cost, reliability and/or 612 
reproducibility. Wider uptake of these innovations is likely to depend to some extent on the development 613 
of appropriate validation, calibration, and standardization protocols.  Precision livestock farming is a set of 614 
innovations based on the application of process engineering principles and techniques to livestock feeding 615 
to automatically monitor, model, and manage animal feeding at the individual level. The idea is not new 616 
and has been used to maximize margins for intensive livestock production for many years. However, it is 617 
developing rapidly to encompass a wide range of new monitoring and sensor technologies (the Internet of 618 
Things) and their application to the major domesticated livestock species151–153. For both animal-based 619 
methane measurement and precision livestock farming, the future issues around data privacy and ownership 620 
are likely to be just as challenging as for other agricultural data. 621 

In fisheries, together with advances in big data processing and machine learning, vessel tracking 622 
data is revolutionizing the ability to provide data on fishing activity at high spatial and temporal resolution. 623 
These data now underpin numerous studies that characterize global industrial fishing activity71,154,155, its 624 
overlap with target and non-target species156,157, assess conservation actions158–160, and reveal illegal 625 
fishing111. Similar approaches have also demonstrated successful applications to small-scale fisheries161162. 626 
Data from vessel tracking systems can be supplemented with vessel detections from other space-based 627 
technologies like radar, day and nighttime optical imagery110,111,163, and radio frequency164 as well as with 628 
aerial surveys165 and drones166 to better assess fleet size and distribution and monitor IUU fishing. On board 629 
vessels, remote electronic monitoring with video cameras, instead of solely on-board observers and 630 
logbooks, can reduce cost and speed of collecting data – especially for non-multispecies fisheries – improve 631 
coverage of a fleet, and enhance compliance around fishing activities and location106. It may provide these 632 
benefits to small-scale fisheries as well but can be less effective filling in some of the essential data gaps 633 
around bycatch and can be affected by species type and haul size (larger catches reduce accuracy)167. 634 
However, there is reluctance and lack of adoption due to everything from perceived intrusion of privacy by 635 
the industry, equipment and data storage requirements, and equipment challenges in the harsh marine 636 
environment (e.g. corrosion)163. In aquaculture, similar hurdles exist for more “Precision” or “Smart" 637 
farming data-driven approaches, especially in poorer or more rural regions where access to electricity or 638 
the internet is not reliable168,16. Indeed, wealthier countries, such as the United States, likely have a greater 639 
capacity to improve their aquaculture data more quickly with the right internal coordination and support, 640 
especially across the diverse agencies tasked or interested in aquatic commodity data collection (for 641 
example, Froehlich et al. 77). Ultimately, whether this improved data collection makes its way into FAO 642 
statistics depends on several factors, not least of them being financial support and incentives or mandates 643 
by local/regional governments to use certain technologies.  644 
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Across the food system, these and other advanced technologies hold great potential to revolutionize 645 
agricultural data creation and curation, ultimately improving food production decision-making processes 646 
and driving more sustainable and efficient food system practices.  647 

4.2. Requisite Supporting Policy Innovations 648 
As technology advances and new solutions emerge, policymakers must balance continuity with innovation 649 
to sustain effective agricultural data systems while exploring new approaches to address emerging 650 
challenges. A stable and effective policy framework is crucial, but policymakers must also consider new 651 
ideas and approaches that build upon existing strengths without undermining existing systems170,171. Thus, 652 
it is important to highlight pathways forward for improving global agricultural data availability and quality. 653 

Collaboration and coordination among countries and institutions are essential to develop 654 
comprehensive policies and strategies for food production data collection, management, and sharing. 655 
However, the proliferation of policy frameworks and actors in the agricultural data ecosystem can lead to 656 
fragmentation and duplication of efforts, hindering progress toward common goals. Therefore, it is 657 
important to ensure policy alignment and harmonization across different levels and sectors to avoid 658 
conflicting regulations and to promote a coordinated approach172,173. One potential solution is to invest in 659 
greater collaboration and coordination among countries, institutions, initiatives, and research fields 660 
(agricultural economics, statistics, satellite Earth observation, and emerging AI/ML) to reduce duplication 661 
of efforts and enhance initiatives that often operate independently. Another possible solution is to establish 662 
a global platform for data sharing and coordination, enabling countries to share best practices (including 663 
standards and benchmarking) and data, which could facilitate the development of comprehensive policies 664 
and strategies for agricultural data management that consider unique contexts and characteristics of 665 
different countries and populations174. 666 

In addition to increasing the scope of agricultural data collection and monitoring, it is essential to 667 
have fit-for-purpose data governance systems in place. In view of the rapidly changing data landscape, the 668 
2021 World Development Report (WDR)175 on datasets highlights the need for a new social contract 669 
between data providers and data users of all types, founded on value (enabling the use and re-use of data 670 
for different purposes), trust (the rights and interests of all stakeholders are safeguarded), and equity (the 671 
benefits of data are shared equally). These principles of data governance at national and international levels 672 
could enforce such a social contract around data. While several elements of data governance occur primarily 673 
at the national level, resolution of some data governance challenges is possible only through international 674 
collaboration, such as combating cybercrime, reducing transaction costs by harmonizing legal and technical 675 
standards for data protection and interoperability, and (as noted above) surveilling and dealing with 676 
transboundary issues. 677 

To ensure that the global platform for data sharing and coordination in agriculture is effective, it is 678 
important not to center goals on any single organization’s self-interest but to instead develop a neutral and 679 
independent platform that is governed by a diverse set of stakeholders, including representatives from 680 
governments, private sector, academia, civil society, and farmers’ organizations. This will ensure that data 681 
sharing priorities and decision-making processes are driven by the collective interest of all stakeholders, 682 
and that it remains accountable to them. In this regard, the FAO and initiatives such as GODAN and 683 
GEOGLAM could play important roles in the development and governance of a global platform for 684 
agricultural data. These organizations are well placed to help ensure that the platform is designed to promote 685 
open data sharing and collaboration for the public good, and not for the benefit of any single entity. By 686 
leveraging their networks and expertise, they are also situated to establish best practices and standards for 687 
data sharing and to facilitate the development of policies and strategies for agricultural data management 688 
that consider the unique contexts and characteristics of different countries and populations. Further, these 689 
organizations can also facilitate the responsible sharing and use of the vast amounts of data (e.g., producer 690 
surveys, field trials) which a host of national and international research institutes (e.g., CGIAR) continue 691 
to collect through hundreds of projects worldwide. These data are often collected for the purposes of a 692 
specific project but hold great (and unrealized) value for contributing to a more complete understanding of 693 
food production systems across diverse contexts. Along similar lines, an effective global platform should 694 
also reduce redundancy, build on existing infrastructure largely within FAO, increase accessibility through 695 
digital transformations such as a smartphone-based app, and explore the feasibility of user-uploaded content 696 
including crowdsourcing and citizen science.    697 
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There is widespread consensus on the need for massive expansion in what is invested in data 698 
collection. Within the context of data collection in pursuit of the SDGs176, there is an urgent need for a 699 
comprehensive set of regulatory standards, along with the development of the necessary physical 700 
infrastructure (such as low-cost mobile broadband) and strengthened public institutions, to govern and 701 
shape digital innovations towards sustainable development of agriculture and other sectors. Indeed, recent 702 
work177 has highlighted the necessity for rigorous monitoring of the entire food system; without it, there is 703 
little chance of being able to identify in a timely way when course corrections will be needed and holding 704 
different food system actors to account will be very difficult. As outlined above, the information available 705 
on current cropping, livestock, and aquatic systems and production is uneven in coverage and scope, and 706 
substantial investments in data collection, collation, and curation will be needed to support decision-making 707 
in the agricultural sector. To this end, national and international funding agencies are increasingly making 708 
the publication of data an integral part of the work plan and projects evaluation, which is one step in the 709 
right direction. This could be made even more useful if the major research and R4D funders helped to 710 
promote standardized data collection, documentation, and accessibility procedures, or even made them a 711 
requirement for funding.  712 

Among the many challenges that policymakers face in confronting food production data scarcity is 713 
striking a balance between safeguarding the privacy and confidentiality of production data while also 714 
catering to the economic interests of the many stakeholders - including farmers, researchers, private and 715 
public technology, and service providers - who have an interest in accessing and using those data129. Of the 716 
three elements of a fit-for-purpose social contract on data175 perhaps the most foundational is trust, 717 
something that is echoed in recent food system literature as a critical component of scalable innovation133. 718 
There is much that policymakers can do to help inculcate trust. Setting up wide-ranging national and 719 
international dialogues on data governance would help in understanding stakeholders’ concerns and needs; 720 
though these dialogues would need to be carried out in ways that are sensitive to socio-cultural differences 721 
and the existence of power dynamics that may vary greatly in different contexts103. There is also the need 722 
to evaluate existing regulatory frameworks and how they can be improved, at both national and international 723 
levels129. There is no doubt that achieving the balancing act between ensuring the legitimacy and security 724 
of agricultural data and generating added value from their use for all stakeholders involved will be very 725 
difficult to achieve. Nevertheless, striving towards such balance is vital if the full power of data and the 726 
digitalization of our food system are to be realized for maximal public good. 727 

728 

5. Conclusion729 

Continuously developing and maintaining detailed and up-to-date food production statistics is a critical yet 730 
complex undertaking, requiring technological, institutional, and policy coordination as well as sustained 731 
efforts and dedicated resources. Yet, despite the continuing importance of the food production sector – 732 
particularly in low- and middle-income countries – and its critical role in achieving multiple sustainability 733 
targets (including those related to food security, livelihoods, and environmental protection), our assessment 734 
demonstrates that substantial data gaps persist globally. This stems jointly (and in varying degrees) from a 735 
lack of political will, insufficient capacity and funding, and ineffective or inadequate international support 736 
and prevents a comprehensive and accurate understanding of the current state of global agriculture. At best, 737 
such information deficiencies can lead to ineffective interventions and, at worst, can contribute to 738 
misinformed actions that erode the sustainability of food systems. Our assessment, therefore, sought to 739 
identify the key factors contributing to global agricultural data scarcity and the potential measures to address 740 
them.  741 

Agricultural, livestock, and fisheries censuses will likely continue to be the primary source of 742 
information in the food production sector, and it is, therefore, essential to ensure their accuracy and 743 
reliability. Our findings reveal that restricted data accessibility and a lack of transparency in many countries 744 
are key hindrances in the global food production data landscape. Irregular intervals in census occurrence, 745 
diverse methodologies followed by each nation, and a lack of standardization make harmonizing 746 
agricultural statistics difficult, and issues of data privacy, particularly related to access to microdata, further 747 
exacerbate challenges of accessibility and interoperability. In addition to these technical challenges, diverse 748 
institutional and policy obstacles – including inadequate institutional capacity, transboundary issues, and 749 
policy silos – hinder the progress of collecting, disseminating, and utilizing food production data in a 750 
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consistent manner globally. A fundamental obstacle to systematic food production data collection remains 751 
the lack of dedicated and sustained long-term public funding.  752 

Leveraging advanced technologies can offer an effective means of data collection and 753 
dissemination. Estimates derived from satellite remote sensing, in-situ sensors, and digital monitoring using 754 
AI/ML and other modeling techniques can be a promising complement for filling data gaps in censuses. 755 
Complements to censuses become especially important in times of crisis such as wars or pandemics, which 756 
can delay or halt on-the-ground data collection entirely. However, while these technologies offer a variety 757 
of potential benefits, the need for intensive computational resources as well as very real ethical and privacy 758 
concerns that these approaches can potentially present, must be critically considered to ensure their 759 
responsible use. Issues of data privacy should be addressed through clear data collection and sharing 760 
policies and the application of emerging technologies such as blockchain and federated learning. Enabling 761 
institutional arrangements and policy environments will also be essential to promote collaboration and 762 
partnership among stakeholders, to foster responsible data governance, and ensure equitable benefits 763 
sharing across all food system actors. Addressing the key factors contributing to food production data 764 
scarcity is a fundamental step towards realizing the full potential of food systems for achieving multiple 765 
sustainability goals. 766 
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Disaggreg
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Cassidy et 

al.80 

Gridded 

dataset 
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and 

model 

Crop 

allocation 

to food, 

feed, and 

nonfood 

41 crops Annual: 

Circa 2000 

Global: 5 

arc min 

(∼10 km 

by 10 km) 

An extensive 

crop allocation 

dataset 

Limited temporal 

coverage  

No distinction 

between seasons 

and systems 

FAOSTAT23 Data 

portal 

Crop, 

livestoc

k, and 

fisheries  

Census Global 

agricultural 

statistics 

278 crop 

and 

livestock 

variables 

Annual: 

1961 to 

2021 

245 

countries: 

national 

level data 

A compressive 

global 

agricultural 

dataset 

 

Subnational data 

limitations 

National reporting 

and related data 

quality issues 

GAEZ46,81 Gridded 

dataset 

Crop Census 

and 

model 

Harvested 

area, 

production, 

and yield,  

23 crop 

classes 

Annual: 

Circa 2000 

and 2010 

Global: 5 

arc min 

(∼10 km 

by 10 km) 

Irrigated and 

rainfed systems 

are 

distinguished 

No distinction 

between seasons 

GDHY82 Gridded 

dataset 

Crop Census 

and 

remote 

sensing 

Yield 4 crops Seasonal: 

1981-2016 

Global: 

0.5◦ (55 

km) 

A clear 

distinction 

between seasons 

Some locations 

have no data 

Limited crop 

classes 

no distinction 

between systems  

GGCMI 

Phase I, II, 

and III83–85 

Gridded 

dataset 

Crop Model Yield and 

crop 

calendar 

19 crops Annual: 

1901-2012 

Global: 

0.5◦ (55 

km) 

A clear 

distinction 

between 

systems and 

seasons 

Coarser spatial 

resolution  

GYGA86 Data 

portal 

Crop Census Actual and 

potential 

yield and 

yield gap 

13 crops Annual: 

Current 

70 

countries: 

national 

level data 

High-quality 

yield and yield 

gap data 

 

Limited spatial 

coverage 

M3-Crops41 Gridded 

dataset 

Crop Census Harvested 

area and 

yield 

 175 crop 

classes 

Annual: 

Circa 2000  

Global: 5 

arc min 

(∼10 km 

by 10 km) 

A wider range 

of crop classes 

No distinction 

among 

seasons/system 

MIRCA18 Gridded 

dataset 

Crop Census  Harvested 

area and 

crop 

calendar 

26 crop 

classes 

Monthly: 

Circa 2000  

Global: 5 

arc min 

(∼10 km 

by 10 km) 

Irrigated and 

rainfed systems 

and seasons are 

distinguished  

Outdated 

Constraints in 

representing sub-

national statistics 

Mueller et 

al.87 

Gridded 

dataset 

Crop Census Fertilizer 

application 

rate and 

consumptio

n  

17 crops Annual: 

Circa 2000 

Global: 5 

arc min 

(∼10 km 

by 10 km) 

An extensive 

national and 

subnational 

nutrient 

application data  

Limited crop 

classes 

Limited temporal 

coverage 

PCAM88 Gridded 

dataset 

Crop Model Harvested 

area 

17 crop 

classes 

Annual: 

1961 to 

2014 

Global: 

0.5◦ (55 

km) 

Has a broader 

temporal span 

No distinction 

between systems 

and seasons 

Model uncertainty 

Ray et al.89 Gridded 

dataset 

Crop Census Area 

harvested 

and yield 

10 crops Annual: 

1961–2013  

Global: 5 

arc min 

(∼10 km 

by 10 km) 

A wider range 

of temporal 

coverage 

Limited crop 

classes 

No distinction 

between systems 

and seasons 

RiceAtlas33 Gridded 

dataset 

Crop Census Harvested 

area, 

production, 

and crop 

calendar 

Rice only Annual: 

Circa 2010  

Global: 

2725 

spatial 

units 

A clear 

distinction 

between seasons  

No distinction 

between systems  

Limited crop 

classes 

SAGE30 Gridded 

dataset 

Crop Census Crop 

calendar 

19 crops Annual: 

1990s 

Global; 

0.5◦ (55 

km) 

A clear 

distinction 

between seasons 

No distinction 

between systems 
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SPAM90–92 Gridded 

dataset 

Crop Census 

and 

model 

Harvested 

area and 

yield 

42 crop 

classes 

Annual: 

Circa 2000, 

2005, 2010, 
2020 (Beta 

version) 

Global: 5 

arc 

min(∼10 

km by 10 

km) 

Irrigated and 

rainfed systems 

are 

distinguished 

No distinction 

between seasons  

Model uncertainty 

West et al. 93 Gridded 

dataset 

Crop Census 

and 

model 

Total 

nutrient 

balance  

N and P 

balance of 

140 crops 

Annual: 

Circa 2000 

Global: 5 

arc min 

(∼10 km 

by 10 km) 

A diverse array 

of crop nutrient 

balances is 

addressed 

Limited temporal 

coverage  

Clawson et 

al.78 

Gridded 

dataset 

Fisherie

s and 

aquacult

ure 

Maricult

ure 

Farm 

location 

and taxon 

6 

generalize

d animal 

categories  

2017 Global:  

0.0083◦ 

(~1 km by 

1 km) 

Actual and 

modeled 

locations of 

marine 

aquaculture 

farms 

Limited temporal 

and finer spatial 

resolution 

FishStat75 Data 

portal 

Fisherie

s and 

aquacult

ure 

Census 

and 

reports 

Global 

fisheries 

and 

aquaculture 

statistics 

Datasets 

on 

production

, trade, 

and 

consumpti

on 

Annual: 

1950 to 

2021 

245 

countries/t

erritories: 

national-

level data 

An extensive 

dataset 

encompassing 

aquatic and 

fisheries data 

Subnational data 

limitations  

National reporting 

and related data 

quality issues 

GFW371 Gridded 

dataset; 

Data 

portal 

Fisherie

s and 

aquacult

ure 

Model Fishing 

hours by 

vessel, flag 

state, and 

gear type 

16 gear 

types 

Daily: 

2012-2020 

(gridded), 

2012-

present 

(data 

portal) 

Global 

0.1◦ (by 

vessel), 

0.01◦ (by 

flag state 

and gear 

type) 

Producer 

(vessel) specific 

activity at high 

spatial and 

temporal 

resolution 

Lack of small 

scale producers, 

satellite reception, 

tampering 

Ottinger et 

al.79 

Gridded 

dataset 

Fisherie

s and 

aquacult

ure 

Ponds Spatial 

distribution 

of 

aquaculture 

ponds 

Pond 2019 Asia: 5-

60m 

Satellite (SAR) 

remote sensing 

of aquaculture 

ponds 

Not species/taxa 

specific 

GLPS52,53 Gridded 

dataset 

Livesto

ck 

Census Distributio

n and 

abundance 

of livestock 

species 

11 to 14 

livestock 

production 

system 

classes 

Versions: 

2007, 2011 

Global: 

0.0083◦ 

(~1 km by 

1 km) 

The 2011 

version includes 

more accurate 

and higher 

spatial 

resolution 

inputs than the 

previous 

Lack of detail on 

mixed crop-

livestock systems 

GLW57,58 Gridded 

dataset 

Livesto

ck 

Census Distributio

n and 

density of 

livestock 

8 livestock 

classes 

Annual: 

2010 and 

2015 

Global: 5 

arc min 

(∼10 km 

by 10 km) 

The most 

comprehensive 

global livestock 

dataset 

The date, quality, 

resolutions, and 

timeliness of 

census data used 

are highly variable 

Herrero et 

al.56 

Gridded 

dataset 

Livesto

ck 

Census 

and 

model 

Biomass 

use, 

production, 

feed 

efficiencies

, and 

greenhouse 

gas 

emissions 

8 livestock 

production 

systems, 4 

animal 

species, 

and 3 

livestock 

products 

2000, 2005, 

2010 

Global: 

0.0083◦ 

(~1 km by 

1 km) 

A globally 

comprehensive 

dataset on 

livestock 

biomass use and 

feed efficiency 

Limited temporal 

and spatial 

coverage 

 1213 
 1214 

Accepted Manuscript 
Version of Record at: https://doi.org/10.1038/s43017-024-00516-2



29 
 

 1215 
Figure 1. The centrality of food production data. Food production statistics are diversely sourced and 1216 
are central to a wide array of applications and decision support for multiple actor groups. 1217 
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 1218 

Figure 2. The current state of agricultural census information. Panels show (a) the year of the latest 1219 
agricultural census, (b) the finest administration level of publicly and easily accessible statistics, and (c) the 1220 
transparency of the agricultural census as evaluated based on FAIR criteria (see Supplementary Information 1221 
for description of transparency rating). The year of the latest publicly available agricultural census was 1222 
assessed primarily through the WCA portal; we did not consider agricultural census reports that are not 1223 
publicly available, even if they are known to have been conducted. To be considered available, a minimum 1224 
requirement is the presence of metadata that provides an overview of the census reports. 1225 
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1226 
Figure 3. Identified challenges and potential solutions to address global food production data 1227 
scarcity. 1228 
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