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an africa-wide agricultural 
production database to support 
policy and satellite-based 
measurement systems
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Agriculture remains a backbone of the African economy, contributing up to 70% of household income 
in rural areas. Yet crop yields across africa are rising at a slower rate than the global average. Currently, 

strategies to improve agricultural productivity are limited by the availability of granular, accurate, and 

spatially-extensive data. these disaggregated statistics are required to understand how crop yields 

respond to climate variability, climate extremes, and agronomic practices. Here, we present GROW-

africa, a database that includes n = 535,844 georeferenced observations of crop yields across Africa 
focusing on 25 key crops including maize, sorghum, cassava, groundnuts, cowpeas, rice, yams, and 
millet. the database assimilates observations from a range of spatial scales, from regional government 

statistics, to household farmer surveys, to plot-level crop cuts. We use co-located observations to 

identify sources of bias and error in these varied data types. Finally, we demonstrate how the GROW-

africa database can be used to train remote sensing algorithms to produce continuous maps of crop 

yields across africa.

Background & Summary
Improving the productivity of smallholder farmers is a cornerstone of economic development and food security 
in Africa1. For example, a 1% rise in agricultural GDP results in an estimated 6% rise in income growth for the 
poorest decile of the income distribution2,3. Yet yield improvements in Africa have been sluggish over the last 
decades. Fig. 1a,b shows global patterns of crop yields (production divided by harvested area) for maize and rice 
over the last 30 years. Current crop yields in Africa are not only  ~2× lower than the global average, but also are 
increasing at a rate that is ~2× times slower than the global average (Fig. 1a,b). In other words, the yield dispar-
ities are expanding— not shrinking— over time.

Improving crop yields is core to the United Nations’ Sustainable Development Goal Targets 2.3 and 2.4, which 
focus on: (i) doubling agricultural productivity and incomes of small-scale food producers, and (ii) implementing  
sustainable and resilient agricultural practices that strengthen capacity for adaptation to climate change. 
High-quality agricultural data are essential for addressing these challenges. For example, observations of pro-
ductivity across space and time4,5 allow one to elucidate the climatic6–12, political13, and agronometric14–16 drivers of 
yield. Such knowledge can be used to make better predictions for how crop yields will respond to climate change.

Unfortunately, agricultural data are the sparsest in countries where yield improvements are most needed17,18 
(Fig. 1c). Household farm surveys continue to be the basis for agricultural statistics in Africa2. Yet, at current 
survey frequencies, a given African household will appear in a household well-being survey less than once every 
1000 years, or about 100 times less frequently than a household in the United States19.

�e paucity of on-the-ground agricultural data (Fig. 1c) is juxtaposed by the rapidly-expanding oppor-
tunities for satellite-based monitoring of agricultural production17,20. For example, as of May 2023, there 
were 1,040 active nonmilitary Earth Observation satellites in orbit, 67% of which were launched within the 
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previous �ve years21. �is �eet of Earth Observation satellites now provides frequent global coverage of a 
wide variety of agriculturally-relevant observations, including but not limited to land surface re�ectance 
across a range of wavelengths of light22 and the derived gross primary productivity (GPP), net primary 
productivity (NPP)23, leaf area index (LAI)24, and fraction of photosynthetically active radiation (fPAR) 
absorbed by green vegetation24, the solar-induced �uorescence (SIF)25–27, the radar-derived soil moisture28, 
and many others.

�us, on one hand, Earth Observation satellites present a solution to the scarcity of agricultural data in 
Africa17; in regions where su�cient ground-truth data exist, algorithms can be trained to transform satellite 
observations into estimates of crop distribution and crop yields29–37. On the other hand, yield estimates derived 
from remote sensing currently are limited by the extent and quality of ground-truth data needed for algorithmic 
calibration and validation17,31. Burke et al. (2021)17 succinctly summarized the problem: “�e largest constraint 
to satellite-based model performance is now training data rather than imagery”17.

Here, we respond to this data gap by curating GROW-Africa38 (Groundtruthing Remote-sensing for 
Optimizing Yield in Africa), a database of more than half a million (n = 535,844) geo-referenced observations of 
crop yields in Africa. �ese observations come from a variety of sources and describe a cascade of spatial scales, 
from country-level observations reported by the Food and Agriculture Organization (FAO)39, to regional statis-
tics generated by national Ministries of Agriculture40, to household data from farmer surveys41,42, to plot-scale 
variety trials, agronometric surveys, and crop cuts14,16,43. Integrating data from these varied sources requires 
identifying (and then removing) systematic biases between them. We �nd that both government statistics and 
farmer surveys systematically over-estimate crop yields relative to the gold-standard of crop-cuts. We resolve 
these biases as a function of both crop type and country. Finally, we illustrate a work�ow for how the data in 
GROW-Africa can be used to calibrate remote sensing algorithms that translate freely-available satellite datasets 
into wall-to-wall estimates of crop yields.

Methods
Curation of a continent-wide agricultural production database. �e GROW-Africa database38 
compiles yield observations from three broad spatial scales: (1) country-level observations, (2) sub-national 
(regional) observations, and (3) local (point) observations. We describe each category brie�y below. See Table 1 
and the Supplementary Information for more details about the data sources.

National data. �e Food and Agriculture Organization (FAO) collects data acquired by each member coun-
try’s national statistics service and maintains a database of annual crop production39. �ese national-level statis-
tics form the basis for Fig. 1a,b. Note, however, that the national-level statistics are both: (1) highly uncertain due 
to the large degree of imputation and upsampling required to generate national estimates, and (2) aggregated 
to such a coarse spatial scale that they provide sparse and relatively weak constraints for training algorithms to 
quantify agricultural production from satellite data (Fig. 2). �ese limitations of the national data motivated our 
compilation of spatially-disaggregated regional and local crop production data. All told, the national-level data 
represent about 2% of the observations in the GROW-Africa database (Fig. 2).

Sub-national (province-, district-, and state-level) data. In many countries, national Ministries of Agriculture 
produce annual reports in which they estimate the harvested area, production, and average yield for each of 
the key crops grown in the country. �ese statistics are disaggregated to the administrative level-1 and level-2 
boundaries (Figure S4). �ey typically are based on teams of surveyors that are deployed to perform a random 
sampling of smallholder farms40. A number of projects have aimed to digitize these sub-national agricultural 
production statistics, including Agro-MAPS44, the ReSAKSS Country eAtlases45, and HarvestStat Africa, which 
consists of data compiled by USAID’s Famine Early Warning Systems Network (FEWS NET) and NASA 
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Fig. 1 (a,b) Global trends in crop yields over the period 1990-2022 for maize and rice. Data are sourced from 
the Food and Agriculture Organization39. (c) Frequency of agricultural censuses, from ref. 17. Many African 
nations have not had a major census in the last decade17.
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Type Location Source name Years Ref.

National Africa Food and Agriculture Organization (FAO): FAOSTAT 1961-2022 39

Regional Africa Agro-MAPS (Global Agro-Ecological Zones project) 1984-2002 44

Regional Africa Regional Strategic Analysis and Knowledge Support System Country eAtlases 2005-2018 45

Regional Africa HarvestStat Africa: Harmonized Subnational Crop Statistics 1960-2023

Regional Nigeria Kaduna State Agricultural Production Data (USAID Data Library) 1999-2014 51

Local East Africa One Acre Fund (OAF) �eld survey data 2016-2020 52

Local Zimbabwe Gross Margin Survey Data: Agricultural Project in Zimbabwe (USAID Data Library) 2012-2015 53

Local Africa Conservation agriculture vs. conventional tillage meta-analysis14 1974-2017 14

Local Africa CEEPA African agricultural survey 2002-2004 42

Local Benin LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 74

Local Benin LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2017-2018 75

Local Burkina Faso LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2021-2022 2021-2022 76

Local Burkina Faso LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 77

Local Burkina Faso LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2017-2018 78

Local Côte d’Ivoire LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 79

Local Côte d’Ivoire LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2018-2019 80

Local Ethiopia LSMS-ISA: Socio-Economic Panel Survey 2021-2022 2021-2022 81

Local Ethiopia LSMS-ISA: Socioeconomic Survey 2018-2019 2018-2019 43

Local Ethiopia LSMS-ISA: Socioeconomic Survey 2015-2016, Wave 3 2015-2016 82

Local Ethiopia LSMS-ISA: Socioeconomic Survey 2013-2014 2013-2014 83

Local Ethiopia LSMS-ISA: Rural Socioeconomic Survey 2011-2012 2011-2012 84

Local Guinea-Bissau LSMS-ISA: Inquérito Harmonizado sobre as Condiçöes… 2021-2022 2021-2022 85

Local Guinea-Bissau LSMS-ISA: Inquérito Harmonizado sobre as Condiçöes… 2018-2019 2017-2018 86

Local Malawi LSMS-ISA: Fi�h Integrated Household Survey 2019-2020 2018-2019 87

Local Malawi LSMS-ISA: Fourth Integrated Household Survey 2016-2017 2015-2016 88

Local Malawi LSMS-ISA: �ird Integrated Household Survey 2010-2011 2009-2010 89

Local Mali LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 90

Local Mali LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2017-2018 91

Local Mali LSMS-ISA: Enquête Agricole de Conjoncture Intégrée 2014 2013-2014 92

Local Niger LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 93

Local Niger LSMS-ISA: National Survey on Household Living Conditions and Agriculture 2014 2014-2015 94

Local Niger LSMS-ISA: National Survey on Household Living Conditions and Agriculture 2011 2011-2012 95

Local Nigeria LSMS-ISA: General Household Survey, Panel 2018-2019, Wave 4 2018-2019 96

Local Nigeria LSMS-ISA: General Household Survey, Panel 2015-2016, Wave 3 2015-2016 97

Local Nigeria LSMS-ISA: General Household Survey, Panel 2012-2013, Wave 2 2012-2013 98

Local Nigeria LSMS-ISA: General Household Survey, Panel 2010-2011, Wave 1 2010-2011 99

Local Senegal LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 100

Local Senegal LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2018-2019 101

Local Tanzania LSMS-ISA: National Panel Survey 2020-21, Wave 5 2020-2021 102

Local Tanzania LSMS-ISA: National Panel Survey 2019-2020 - Extended Panel 2018-2019 103

Local Tanzania LSMS-ISA: National Panel Survey 2014-2015, Wave 4 2014-2015 104

Local Tanzania LSMS-ISA: National Panel Survey 2012-2013, Wave 3 2012-2013 105

Local Tanzania LSMS-ISA: National Panel Survey 2010-2011, Wave 2 2010-2011 106

Local Tanzania LSMS-ISA: National Panel Survey 2008-2009, Wave 1 2008-2009 107

Local Togo LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages, 2021-2022 2021-2022 108

Local Togo LSMS-ISA: Enquête Harmonisée sur le Conditions de Vie des Ménages 2018-2019 2017-2018 109

Local Uganda LSMS-ISA: National Panel Survey 2019-2020 2018-2019 110

Local Uganda LSMS-ISA: Uganda National Panel Survey 2018-2019 2017-2018 111

Local Uganda LSMS-ISA: National Panel Survey 2015-2016 2015-2016 112

Local Uganda LSMS-ISA: National Panel Survey 2013-2014 2013-2014 113

Local Uganda LSMS-ISA: National Panel Survey 2011-2012, Wave III 2011-2012 114

Local Uganda LSMS-ISA: National Panel Survey 2010-2011 2010-2011 115

Local Uganda LSMS-ISA: National Panel Survey 2009 2009-2010 116

Local Uganda LSMS-ISA: National Panel Survey 2005 2004-2005 116

Table 1. A list of the original data sources that were compiled and harmonized to generate the GROW-Africa 
database38.

https://doi.org/10.1038/s41597-025-05257-5


4Scientific Data |         (2025) 12:1087  | https://doi.org/10.1038/s41597-025-05257-5

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

Harvest40,46 (see Supplementary Information, section 1.2). We compile the regional data from these varied 
sources (Table S2), harmonize the place names and crop names, link each observation to a unique geospatial 
identi�er and associated vector polygon, and then remove duplicate observations. �e resulting compilation of 
sub-national-level data represents approximately 35% of the observations in the GROW-Africa database (Fig. 2).

Local data. In comparison to the national data, the sub-national data o�er a meaningful step forward in terms 
of spatial disaggregation and granularity. However, the sub-national observations still represent regions that 
span hundreds to millions of individual pixels in a satellite dataset, hampering the ability to calibrate and vali-
date remote sensing algorithms17. To achieve another level of spatial disaggregation, we compile point observa-
tions from household farmer surveys and crop cuts (Fig. 2).

�e largest source of point observations in GROW-Africa38 is the collection of farmer surveys associated 
with the World Bank’s Living Standards Measurement Study - Integrated Surveys on Agriculture (LSMS-ISA) 
project (Table 1). �e LSMS-ISA project has coordinated multi-year surveys in 13 countries in sub-Saharan 
Africa47: Benin, Burkina Faso, Côte d’Ivoire, Ethiopia, Guinea-Bissau, Malawi, Mali, Niger, Nigeria, Senegal, 
Tanzania, Togo, and Uganda. Table 1 lists each of the 45 annual LSMS-ISA surveys compiled in our database. 
�e surveys span the interval 2004–2022.

�e LSMS-ISA surveys typically include two on-farm visits: one visit post-planting and one visit post-harvest. 
�e post-planting visits are used to survey �eld areas and to quantify the fraction of each �eld planted to a given 
crop (since many �elds are inter-cropped). �e post-harvest visits are used to quantify production. �us, the 
�nal crop yield statistics have errors arising from the uncertain estimates of: (i) �eld areas, (ii) inter-cropping 
fractions, and (iii) total crop production. We explore these various sources of noise and error in Figs. 6–8 below.

A second caveat of the farmer survey data is that, for privacy considerations, most survey datasets have been 
geospatially anonymized by adding random jitter to the GPS coordinates. �e standard protocol followed by 
the World Bank is to randomly displace urban clusters by a distance of 0–2 km and rural clusters by a distance 
of 0–5 km, with a randomly-selected 1% of the rural clusters displaced a distance of 0–10 km48,49. �e result is 
that point observations from the survey datasets cannot be accurately georeferenced to high-resolution satel-
lite imagery, which limits the utility of these datasets for calibrating high-resolution satellite-based yield map-
pers29,50. However, the dozens of point observations made within a single (spatially-jittered) survey cluster may 
provide a reasonable ground-truth constraint to compare with the associated  ~ 5 km  × ~ 5 km region. Likewise, 
aggregating survey data to the sub-national administrative boundaries ameliorates the uncertainties associ-
ated with the spatial anonymization, although it comes at the expense of reducing the number of ground-truth 
data constraints (since dozens or hundreds of data points from farmer surveys are aggregated to produce one 
ground-truth constraint). We explore some of these data treatment approaches in the Data Usage section.

Finally, we compile an additional n = 143,157 observations from other local (point) data sources, including 
those scraped from the literature14, from farmer surveys outside of the LSMS-ISA project42, and from agrono-
metric survey data collected by the One Acre Fund16 (Fig. 2; Supplementary Information, section 1.3).

Crops included in GROW-Africa. We focus the GROW-Africa database38 on 25 crops (listed in alphabetical 
order): banana, barley, beans, cassava, co�ee, cotton, cowpea, fonio, groundnut, maize, millet, okra, pigeon pea, 
potato, rice, sesame, sorghum, soyabean, sugarcane, sweet potato, taro, te�, tobacco, wheat, and yam. �ese 25 
crops are chosen because they represent the vast majority (≥90%) of the total cultivated area and contribution 
to diet (average kilocalories per capita per day) (Figure S1).

Data cleaning and harmonization. �e curation of the GROW-Africa database38 involves three steps: (1) 
standardization and harmonization of crop names, (2) standardization and harmonization of geospatial data (admin-
istrative boundaries for national and regional data, and GPS coordinates for point/local data), and (3) removal of 
duplicate data and �ltering of outliers. For the standardization of geospatial data, we use vector shape�les of admin-
istrative level 0, 1, 2, and 3 (where applicable) boundaries available from https://gadm.org/. We assign each admin-
istrative boundary a unique ID code that is used to synthesize and harmonize observations from di�erent datasets.

We take a relatively light-touch approach to outlier �ltering so that users of the GROW-Africa database can 
make their own decisions about the handling of outlier data. We choose not to �lter outliers from the national 
and sub-national data. However, the point observations— especially the farmer surveys— have substantial var-
iance in yield estimates, some of which likely represents errors associated with the �eld area or production 
estimates (or misreported units) rather than true plot-to-plot yield variability. For example, misreported units 
(e.g., mislabeling the areas of farmer �elds estimated in hectares as m2 or vice versa) can lead to implausible 
yield values such as ≥100 Mg/ha. As a simple empirical �lter, we use the crop-speci�c yield distributions from 
the regional (sub-national) database (Fig. 3) to estimate reasonable bounds for crop-speci�c yields and to iden-
tify outliers in the point data. Speci�cally, we classify yield observations that are either  < 10% of the median 
value (50th percentile) or >200% the 98th percentile of the regional yield distributions in Fig. 3 as outliers that 
are removed from the �ltered dataset of point observations. �e �nal distributions of national, regional, and 
point-based yield estimates are provided in Fig. 3.

Data Records
�e local, regional, and national crop yield data compiled in the GROW-Africa database are available on Zenodo38 
(https://doi.org/10.5281/zenodo.14961637). �e GROW-Africa database divides the observations broadly into 
two categories based on whether the yield represents: (1) the average value across a geographic region (a national 
or sub-national administrative boundary) de�ned by a geospatial polygon, or (2) a point observation associated 
with a set of GPS coordinates. Each observation from category (1) is assigned a geographic ID code that links the 
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observation to a supplied vector shape�le dataset. �e point observations (category 2) are labeled with both their 
GPS coordinates (which typically have been jittered by 0–5 km according to privacy protocols48,49), and the geo-
graphic ID codes describing the nested set of geographic boundaries— administrative level 0, 1, 2, and 3 (where 
applicable)— in which that point observation falls. Finally, a geospatial look-up-table describes which admin-
istrative level-2 regions are located within each administrative level-1 region, etc. �is geospatial organization 
allows for easy aggregation of the raw data to di�erent spatial scales, and it facilitates comparison between di�er-
ent data sources (e.g., farmer surveys vs. regional government statistics), which we explore below (see Technical 
Validation).

In total, there are four spreadsheet files containing yield data in the GROW-Africa database38: (i) 
GROW-Africa_Regional, (ii) GROW-Africa_LSMS_survey, (iii) GROW-Africa_LSMS_crop-
cut, and (iv) GROW-Africa_Point. �e regional spreadsheet compiles the government statistical data 
that have been aggregated by the FAO39, the Global Agro-Ecological Zones Agro-MAPS project44, the Regional 
Strategic Analysis and Knowledge Support System Country eAtlases45, the HarvestStat project (which consists of 
data compiled by USAID’s Famine Early Warning Systems Network (FEWS NET) and NASA Harvest), and the 
USAID Development Data Library51 (Table 1). �e LSMS-survey spreadsheet compiles the household farmer 
survey data from the LSMS-ISA project (Table 1). �e LSMS-cropcut spreadsheet includes the crop cut data con-
ducted in tandem with the household surveys (Ethiopia only) (Table 1). Finally, the spreadsheet labeled “Point” 
compiles all of the point observations of crop yields that are not associated with the LSMS-ISA project. �ese 
datasets include the �eld survey data from the One Acre Fund52, site-speci�c data from the USAID Development 
Data Library53, compilations (meta-analyses) of yield data from the scienti�c literature14, and data from the 
Centre for Environmental Economics and Policy for Africa (CEEPA)’s African agricultural survey42. Each of the 
yield data spreadsheets contains columns representing the geographic location, the crop, the harvest year, and 
the crop yield (in units of metric tons per hectare).

technical Validation
�e GROW-Africa database38 consists approximately equally of observations from (1) sub-national government 
statistics, (2) farmer survey data from the LSMS-ISA project, and (3) other local data, including agronometric 
surveys and crop cuts (Fig. 2). Blending observations from these disparate sources requires an understanding of 
the systematic biases that may exist between them. We analyze overlapping observations (those that describe the 
same crop for the same region in the same year) from these varied data sources.

Comparing government-reported and survey-based yield estimates. First, we compare the yield 
estimates that result from aggregating all of the farmer survey observations within an administrative boundary 
with the corresponding government-reported regional yield. Examples of these data compilations for three coun-
tries are shown in Fig. 4. Data for additional countries are shown in Figure S11 of the Supplementary Information. 
Note that the correlations between co-located government statistics and farmer survey data o�en are weak 
(Fig. 4), an observation that casts into question the quality of either or both of the data sources17. Yet, the com-
pilations in Fig. 4 and in the Supplementary Information show stronger correlations than those identi�ed with 
previous analyses of equivalent— but more limited— datasets (e.g., see Figure 2 of ref. 17).

Next, we evaluate whether there is a systematic bias between the co-located government statistics and 
survey-based yield data. In other words, do official government statistics consistently overestimate or 
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Fig. 2 An overview of the composition of the GROW-Africa database. In total, GROW-Africa38 contains n 
= 535,844 geo-referenced observations of historical crop yields in Africa, spanning 25 crops: banana, barley, 
beans, cassava, co�ee, cotton, cowpea, fonio, groundnut, maize, millet, okra, pigeon pea, potato, rice, sesame, 
sorghum, soyabean, sugar cane, sweet potato, taro, te�, tobacco, wheat, and yam. National (country-level) data 
from the Food and Agriculture Organization (FAO)39 represent a small fraction (2.2%) of the database. Most of 
the database represents sub-national government statistics (34.6%), farmer survey data from the World Bank’s 
Living Standards Measurement Study (LSMS)41 (36.4%), and other local (farm-scale) data (26.7%), principally 
from the One Acre Fund16.
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underestimate crop yields relative to farmer surveys? To address this question, we acknowledge that both data 
sources are imperfect estimates of the true average yield, so we calculate the yield bias in a total least squares 
sense. Weighing each observation by n  (where n is the number of farmer observations that were aggregated to 
generate the regional estimate), we calculate whether the point cloud of co-located government-reported vs. 
farmer-reported yields (Fig. 4) tends to fall above or below the 1:1 line, and by how much. Figure 5 summarizes 
the results, where the data are arranged both by crop type (aggregating data across all countries), and by country 
(aggregating data across all crops). 

Figure 5 shows that there is a systematic bias in which government-reported crop yields are higher than 
farmer-reported yields. Averaged across all countries with overlapping LSMS-ISA and regional government 
data (Fig. 5b), the estimated yield bias is +11 ± 4%. Note that the analysis in Fig. 5 shows how farmer survey 
data and regional government statistics can be harmonized (e.g., bias corrected) in order to leverage both data 
types for downstream analyses such as calibrating remote sensing algorithms20 or for quantifying the climate 
sensitivity of agricultural production9. However, Fig. 5 does not indicate whether either data type is an accurate 
representation of the true yield.

Crop cuts are widely seen as a gold-standard for ground-truth data of crop yields17,20,31. Ideally, a full-plot 
crop cut would be performed, in which every portion of a farmer’s �eld is harvested, dried, and weighed20; the 
total production (harvest weight) divided by the �eld area encodes the average yield. More common are sub-plot 
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Fig. 3 Distributions of yield values (metric tons per hectare) for the 25 crops in the GROW-Africa database38. 
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crop cuts, in which a standardized area (e.g., a 4 m  × 4 m square) is harvested from a random location on the 
�eld. Although sub-plot crop cuts su�er from the limitation that they are sensitive to spatial variability across an 
individual �eld20, they still provide an objective and robust ground-truth constraint on crop yields.

Treating crop cuts as the gold-standard, we ask whether the government-reported and farmer-reported yields 
systematically overestimate or underestimate crop yields relative to the crop cuts. Unfortunately, the LSMS-ISA 
surveys do not include systematic crop cuts as a component of the data sampling strategy41 (Table 1). However, 
the Ethiopian agricultural surveys include a large network of crop cuts, with n = 11,345 observations spanning 
12 crops. Since Ethiopia falls in the middle of the data distribution with respect to the government-reported vs. 
farmer-reported yield bias (Fig. 5b), we use the data from Ethiopia as a case study to investigate whether farmer 
surveys and government statistics produce yield data that are systematically biased relative to crop cuts.

Do farmer surveys and government statistics consistently overestimate or underestimate crop 
yields?. In Fig. 6, we aggregate all of the crop cuts within an administrative level-1 or level-2 boundary and 
compare the result to the government-reported yield for the same year. �e symbol size in the cross-plots in Fig. 6 
represents the number of crop cut observations that were aggregated to the regional level, with larger symbols 
denoting larger n. Note that the data clouds in Fig. 6c–l fall well above the 1:1 line, indicating that the o�cial gov-
ernment statistics in Ethiopia consistently overestimate crop yields relative to the co-located crop cuts. �e mean 
bias across all crops in the dataset is +32%.

An equivalent analysis can be performed to compare farmer survey estimates to co-located crop cuts (Fig. 7). 
Note that, as observed in Fig. 6, the data clouds in Fig. 7c–l fall well above the 1:1 line, indicating that the farmer 
surveys consistently overestimate crop yields relative to the co-located crop cuts. �e mean bias associated 
with the farmer survey data is +20%, or approximately 12% lower than the bias from the government statistics 
(Fig. 6). �is comparison between the survey and government data in Ethiopia is consistent with the wider set 
of observations in Fig. 5, which shows that the average bias between the farmer survey and government data 
(evaluated across a variety of crop types and countries) is 11 ± 4%.
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Fig. 4 A comparison between government-reported and farmer-reported crop yields for three countries with 
extensive sub-national and local datasets: (a) Ethiopia, (b) Malawi, and (c) Nigeria. �e local (farmer-reported) 
yield data are aggregated to sub-national (administrative level-1 and level-2) boundaries in order to facilitate 
comparison with the regional government statistics. �e circle size denotes the number of farmer observations 
that were aggregated to produce the regional estimate. Data points are colored by crop, and the legend shows the 
correlation coe�cient (ρ) between the government-reported and farmer-reported yield estimates. In calculating 
the correlation coe�cients, each data point is weighted by the square root of the number of farmer observations 
that were averaged together to produce that regional yield estimate. All of the farmer survey data shown here 
are from the World Bank’s Living Standards Measurement Study (LSMS) (see Table 1). Similar plots for other 
countries with paired LSMS and government statistics are shown in Figure S11 of the Supporting Information. 
Note that, in order to �t on the same axes, the yields for cassava, potatoes, sweet potatoes, and yams are scaled 
by a factor of 20%.
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An important implication of Fig. 6 is that o�cial government statistics— which get aggregated to the national 
scale and eventually are reported by the FAO39— could be overestimates of true, on-the-ground crop yields. So 
far, only Ethiopia has a su�ciently large network of crop cut observations to perform this analysis. But future 
surveys (such as those conducted through the 50 × 2030 initiative: https://www.50x2030.org/) could include a 
crop-cutting protocol in order to test whether the observations in Fig. 6 are widespread.

Evaluating sources of noise (random error) and systematic bias. Although Figs. 6–7 show that there 
are systematic biases whereby government statistics and household farmer surveys consistently overestimate crop 
yields relative to crop cuts, these analyses do not reveal the underlying causes of the error. Ultimately, both data 
types (the o�cial government statistics and the LSMS-ISA survey data) are grounded in household surveys, since 
the raw data used to inform government statistics are surveys conducted using resident enumerators (e.g. agri-
cultural extension agents or other sta� from the Ministry of Agriculture)54. As described by ref. 2, “Farm surveys 
have been, and still are, the backbone of agricultural statistics in Africa”2. But farmer surveys are susceptible to a 
host of problems that have been widely acknowledged55 but seldom quanti�ed17,56,57. Here, we leverage the large 
number of observations in the GROW-Africa database38 to identify and quantify a few key sources of error in the 
yield statistics generated from household farmer surveys.

In Fig. 8, we consider four questions:

 1. How does the sample size (the number of farmer observations aggregated within a given administrative 
boundary) a�ect the yield estimate? We explore how the farmer sample size a�ects both the correlation 
(Fig. 8a) and the bias (Fig. 8e) in the relationship between the farmer survey data and the co-located 
regional government statistics (Fig. 4). �e simple statistical expectation is that, as the number of farmer 
observations (n) increases, the correlation with the regional government data should improve due to a 
decrease in the noise (random error) in the aggregated estimate. Meanwhile, the average bias (the system-
atic o�set in the farmer-reported and government-reported yields) should not change. �is expectation is 
borne out in Fig. 8a,e.

 2. Do average yields vary systematically with �eld area? Fig. 8b shows that the crop yields estimated from 
�elds arranged from small to large do not show a systematic trend in the degree of correlation with the 
co-located regional government yields. However, we �nd that larger �elds show a systematically more 
negative yield bias with respect to the co-located government yields (Fig. 8f). In other words, larger �elds 
appear to have lower average yields, an example of the inverse size–productivity relationship in agri-
culture18,56,58,59. We explore the causation of this trend (and evaluate whether it is real or an artifact) in 
the Supplementary Information.

 3. How does the method of �eld area measurement (farmer interview vs. GPS measurement) a�ect the 
yield estimate? In the earliest LSMS surveys, �eld areas were determined principally by asking farmers to 
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Fig. 5 A comparison of farmer-reported vs. government-reported crop yields. In (a), the co-located yield 
estimates from farmer surveys and regional government statistics are aggregated across all countries and are 
arranged by crop. In (b), the co-located yield data are aggregated across all crops and instead are split by 
country. �e ‘yield bias’ (y-axis) denotes whether the government-reported yield statistics are systematically 
higher or lower than the farmer-reported yields. Negative values indicate that farmer-reported yields are lower 
than government statistics. �e mean yield bias (averaged across all countries with available co-located 
government and farmer survey data) is 11 ± 4.0% (µ ± s.e., where µ is the mean and s.e. is the standard error), 
indicating that farmer-based estimates are slightly lower than government statistics. In (a,b), the triangles 
denote the mean yield bias and the boxes denote the 25–75th percentiles of the estimated yield bias. Note that 
the yield bias is calculated in a total least squares sense. �at is, rather than treating either the government-based 
or the farmer-based yield estimates as a ‘gold-standard’ representation of the true yield, we instead acknowledge 
that both estimates are �awed representations of the true value. We perform an orthogonal projection of each 
data point in the government-based yield vs. farmer-based yield crossplots (e.g., see Fig. 4) onto the 1:1 line. 
Next, we evaluate whether the data cloud tends to sit above or below the 1:1 line, weighting each point 
observation by it’s orthogonal distance to the 1:1 line and it’s sample size ( n , where n is the number of farmer 
observations that were aggregated to generate the regional estimate). See Figures S9–S10 in the Supporting 
Information for the data underlying these yield bias estimates.
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self-report the size of each of their plots. However, this method is widely understood to be imperfect since 
farmers may purposely over- or under-report their land areas due to perceived incentives such as for prop-
erty taxes or the ability to access to assistance programs2. Unintentional errors also can lead to systematic 
biases55. For instance, round-o� error (the tendency to approximate the �eld area with a round number)41 
is most signi�cant for the smallest parcels2. Consider the example of rounding the �eld area to the nearest 
hectare: rounding a 0.8 ha �eld to 1.0 ha imparts a-25% bias on the resulting yield estimate, whereas round-
ing a 1.8 ha �eld to 2.0 ha only imparts a  − 5.6% bias on the resulting yield estimate. In response to these 
critiques, in more recent surveys, the �eld sta� conducting interviews have measured �eld areas by walking 
the �eld boundaries with GPS, providing an objective measure of �eld area41. In Fig. 8c, we �nd that the 
farmer yield estimates using GPS have higher correlation with co-located government statistics. However, 
we do not observe a systematic bias whereby the yield estimates using GPS are higher or lower than those 
using recall-based area estimates (Fig. 8g). Figure S19 of the Supplementary Information illustrates why: 
farmers tend to over-estimate the areas of small plots ( < 0.6 ha), but underestimate the areas of large plots 

Fig. 6 A comparison between the yield estimates derived from �eld-scale crop cuts and regional government 
statistics in Ethiopia. �e locations of the crop cut observations are shown in (a). (b) A summary of the biases 
between yield estimates derived from o�cial government statistics vs. crop-cuts; positive values indicate that 
the government statistics overestimate yield relative to crop-cuts. �ere are ten crops with su�cient data to make 
the comparison: (c) barley, (d) beans, (e) groundnuts, (f) maize, (g) millet, (h) sesame, (i) sorghum, (j) soybean, 
(k) te�, and (l) wheat. All crops show a positive yield bias, indicating that the o�cial government �gures 
overestimate crop yields compared with the ground-truth crop cut data. �e mean bias value across all crops 
is +32% (b). �e crossplots in (c)-(k) show the data used to produce the yield bias estimates in (b). Individual 
data points represent co-located government statistics and �eld-scale crop-cuts for an individual year. �e 
symbol size denotes the number of crop-cut observations that were aggregated to produce the regional estimate. 
Circles denote administrative level-2 boundaries and squares denote administrative level-1 boundaries. �e 
inset histograms in (c)-(k) show the data distributions indicating the extent to which the government-based 
yield estimates are underestimates (negative) or overestimates (positive) of the crop cut data. �e histograms are 
shown from  − 100% to +100%.
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( > 0.6 ha). When plots of all sizes are combined, these contrasting biases cancel each other out and the 
resulting yield di�erences are small (Fig. 8g).

 4. How does the method of production quanti�cation (farmer interview vs. crop cut) a�ect the yield esti-
mate? Regardless of whether �eld areas are determined via GPS or farmer interview, all LSMS-ISA surveys 
quantify the total crop production through farmer recall. �ese recall-based estimates su�er a host of 
drawbacks. For example, some crops have prolonged harvest seasons. Root crops like cassava store better in 
the ground, and therefore are harvested in numerous stages drawn out over a period of months2. Bananas 
likewise are harvested continuously throughout the year2. In addition, what state the crops are measured 
in (e.g., maize on the cob, or grain in �our)— as well as whether the crops are harvested green— a�ects 
the production quantity substantially2. Moreover, production units are non-standardized. For example, 
harvests are reported in units of ‘bunches’, ‘baskets’, ‘small sacks’, ‘large sacks’, ‘ox carts’, ‘tricycle loads’, ‘truck 
loads’, etc. (Table 1). Standardization of production units is in part challenged by the fact that the major-
ity of smallholder production is consumed within the household and does not reach the market. A �nal 
challenge for the production estimate is intercropping, since it may be challenging to assign areas to the 
various crops planted within a single plot. Ideally, the relative crop coverage would be calculated based on 
seeding rates2. In practice, the method used in the LSMS-ISA surveys (Table 1) is to ask the farmers to es-
timate the relative fraction of each crop that is planted on each plot. �ese estimates are used to downscale 
the crop-speci�c plot area accordingly. In Fig. 8d,h, we compare yield estimates from farmer interviews 

Fig. 7 A similar analysis as in Fig. 6, except the crop-cut data are compared to farmer surveys rather than to 
regional government statistics. �e locations of the crop cut and farmer survey data are shown in (a). (b) A 
summary of the yield biases for the ten crops with su�cient data to make comparisons between the crop cuts 
and farmer surveys. �e positive yield biases across all crops indicate that the yield estimates based on farmer 
surveys are overestimates relative to the crop cut data. However, the mean bias of +20% is smaller than the yield 
bias in Fig. 5.
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and objective crop cuts to the co-located regional government yields. We �nd that the crop cuts produce 
correlations with the government statistics that are nearly 2 × higher (Fig. 8d). Meanwhile, consistent with 
Fig. 6, the crop cuts indicate yields that are  ~ 30% lower than the co-located government statistics (Fig. 8h).

Usage Notes
Below, we illustrate two use cases for the GROW-Africa database: (1) resolving the spatio-temporal patterns in 
crop yields across Africa, and (2) using the database to train machine learning algorithms to quantify crop yields 
from satellite data.

a half-century of yield trends across africa. Figure 9 shows the regional changes in crop area, pro-
duction, and yields over the last 50 years (1973-2022) for eight of the crops included in the GROW-Africa data-
base. Although agricultural statistics o�en are reported in terms of total production, the focus on production 
obscures the relative contributions from productivity gains (i.e., yield improvements) vs. increases in cropland 
area. Figure 9 decomposes the trends in total production into the relative contributions from area expansion and 
yield gains. For all crops except sugarcane (which is principally grown in Northern Africa), the vast majority 
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Fig. 8 An evaluation of di�erent sources of variability and error in the yield statistics extracted from farmer 
surveys. We explore four questions: (1) How does the number of farmer observations within a regional 
administrative boundary a�ect the quality of the aggregated regional yield estimate? (2) How does the plot area 
a�ect the yield estimate? (3) How does the method for estimating the plot area (GPS measurement vs. farmer 
interview) a�ect the yield estimate? (4) How does the method for quantifying production (crop cuts vs. farmer 
interview) a�ect the yield estimate? To answer each question, we sub-divide the dataset into di�erent groups 
based on the farmer survey sample size, the �eld areas, the area measurement methodology, and the crop 
production measurement methodology (see below for details). We then compare each sub-divided dataset of 
farmer survey data to the co-located regional government statistics. �e top row (a-d) shows the correlation 
coe�cient (ρ) between the farmer survey and government data. �e bottom row (e-h) shows the average 
yield bias between the farmer survey and government data. We de�ne the yield bias the same way as in Fig. 5; 
negative values indicate that the farmer survey data produce lower yields than the government �gures. In (a,d), 
we divide the dataset of co-located farmer surveys and regional government statistics (e.g., Fig. 4) into four 
groups based on the number of farmer surveys (n) within the administrative boundary: n≤5, n = 5–20, n = 20–
200, and n > 200. In (b,f), we divide the dataset of co-located farmer surveys and regional government statistics 
according to the plot area (A): A≤0.1 ha, A = 0.1–0.4 ha, A = 0.4–2.0 ha, and A > 2.0 ha. In (c,g), we split the 
dataset based on whether the farmer surveys used GPS-measured �eld areas vs. farmer-queried estimates of 
�eld areas. In (d,h), we split the dataset between yield estimates based on farmer recall of total production (kg) 
vs. crop cuts. Note that only Ethiopia has an extensive network of crop cuts (Fig. 6). Cross-plots showing the 
data underlying this �gure are shown in Figure S21 of the Supporting Information.
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Fig. 9 Regional decomposition of 50 years of production, area, and yield patterns for eight key crops in Africa: 
(a) maize, (b) sorghum, (c) cassava, (d) groundnuts, (e) rice, (f) cowpea, (g) sweet potatoes, and (h) sugarcane. 
�e data span the period 1973-2022. Note that the yield values (production divided by harvested area) are 
smoothed with a 10-year moving mean. �e yield panels also exclude northern Africa, which appears o�-scale 
(signi�cantly higher yield) with respect to the other regions. �e central panel (i) summarizes the 5-decade-
long trends in production, area, and yield. Although the total production of most crops has increased at rates of 
approximately 20–30% per decade, these production gains are accomplished principally through increases in 
harvested area (i.e., crop extensi�cation) rather than through increases in crop yields. Typical increases in crop 
yields over the past 50 years are approximately 10% per decade or lower.
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( ~ 70–90%) of the increases in crop production over the last 50 years have been attributed to area extensi�cation 
rather than yield gains (Fig. 9). 

Figure 9 also reveals how, even as the average yields across the continent have been increasing stead-
ily (Fig. 1a,b), yield gains are distributed unequally across regions. For example, average maize yields across 
sub-Saharan Africa have increased from 1.4 Mg/ha in 1980 to 2.1 Mg/ha in 2020 (a +50% gain), but much of 
this growth is driven by southern Africa; average maize yields have not changed appreciably in central Africa 
over the last 40 years (Fig. 9).

application for satellite-based estimates of agricultural production. Despite aggregating over half a 
million observations, the GROW-Africa database38 has signi�cant gaps across space and time (see Figures S3–S5).  
�erefore, complete wall-to-wall inventories of crop yields across the continent will rely on remotely-sensed 
indicators17,20,31. Here, we provide one example work�ow for how the data in the GROW-Africa database38 can be 
leveraged to train machine learning algorithms to estimate crop yields from satellite data.

Fig. 10 An illustration of spatial heterogeneity and spatial scale for three di�erent agricultural regions: 
(a) Illinois, USA (40.31489∘N, 88.41142∘W), (b) Senegal (13.246984∘N, 15.569503∘W), and (c) Ethiopia 
(9.783614∘N, 37.533314∘E). �e top row shows a 5 km × 5 km footprint, which is representative of the size of a 
single pixel in the GOSIF27 dataset used in Fig. 13. �e middle row shows example tiles that each are 250 m × 
250 m, which is representative of the size of a single pixel in Moderate Resolution Imaging Spectroradiometer 
(MODIS) imagery60. �e bottom row zooms in on the central 250 m x 250 m tile from the middle row and 
illustrates the size of a 30 m × 30 m Landsat pixel (see the white boxes in the lower-le� corners).
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A note on spatial heterogeneity and the granularity of satellite-based estimates. An important consideration 
for the design of a satellite crop yield mapper is spatial resolution. Ideally, the spatial footprint of the satel-
lite observations should match the footprint of the ground-truth yield observations. In this context, local 
heterogeneity creates a widely-recognized and ongoing challenge in the realm of remote sensing of small-
holder agriculture17,20,30,31,37. As an illustration, Fig. 10 compares agricultural regions from the United States, 
Senegal, and Ethiopia. Each row illustrates the spatial footprint (pixel size) of a satellite dataset commonly 
used for agricultural monitoring: (i) �e 5 km  × 5 km footprint in the top row of Fig. 10 is representative 
of a pixel in the GOSIF27 dataset. (ii) �e 250 m  × 250 m footprints in the middle row of Fig. 10 are rep-
resentative of the pixel size in Moderate Resolution Imaging Spectroradiometer (MODIS) imagery60. (iii) 
�e 30 m  × 30 m square in the bottom row of Fig. 10 depicts the size of a single Landsat pixel. Note how, in 
the example from the United States (Fig. 10a), the cropland encapsulated in a single Landsat pixel is homo-
geneous. In contrast, the 30 m x 30 m Landsat pixels in the examples from Senegal and Ethiopia include a 
mixture of cultivated land, trees, roads, and houses. �us, practitioners interested in resolving �eld-scale 
crop yields30,31 principally rely on high spatial-resolution microsatellite data17,30 (e.g., satellite datasets with 
spatial resolutions ≤5 m, and as �ne as ≤1 m). But such �ne-scale analyses require enormous satellite 
datasets, rendering continent-wide analyses prohibitive without having access to substantial computational 
and data storage infrastructure. For example, continent-wide yield mapping based on 1-m-resolution RGB 
imagery31 requires a dataset that is 75,000,000 times larger than a mapping e�ort based on 5-km-resolution 
GOSIF27 pixels.

In addition to the computational and data storage constraints, �ne-scale yield mapping from satellite 
imagery is best-posed when the ground-truth yield observations have the spatial footprints (and geolocation 
accuracies) as the representative pixel size of the satellite imagery. However, ground-truth yield observations 
such as those compiled in the GROW-Africa database fall short of this ideal in numerous ways— perhaps 
most importantly because of the spatial anonymization step performed to survey data before public release in 
which survey clusters are randomly displaced (jittered) by a distance of 0–5 km48,49. �us, point observations 
from the LSMS-ISA surveys, for example, cannot be directly linked to an individual point on the ground (at 
least not with uncertainties less than the scale of  ± 5 km). However, all of the farmer survey observations 
within a  ± 5 km zone (or, at coarser scales such as the level of an administrative level-1 or level-2 boundary) 
can be aggregated to produce a regional estimate. Note that these regional ground-truth yield constraints 
describe geographic areas that are larger than individual pixels in a satellite dataset. �us, leveraging these 
types of regional data for the training of remote sensing algorithms requires a work�ow for aggregating many 
satellite pixels in a way that maintains the structure and heterogeneity in the underlying data. We describe 
such a work�ow below.

Example work�ow: building a satellite yield estimator for maize. We design and train a simple neural network 
to quantify regional maize yields in Africa. We use regional government statistics from the GROW-Africa data-
base38 as our ground-truth for model training and evaluation (Fig. 11). Aggregated farmer survey data could 
be used instead of (or in addition to) the regional government data. However, if both data sources are used 

Fig. 11 An illustration of the ground-truth dataset (a subset of the GROW-Africa database) used to train 
the neural network in Fig. 14. Here, we show just the sub-national government yield statistics for maize over 
the period 2000-2022. In (a)-(c), the sub-national administrative boundaries (level 1 and level 2) are color-
coded according to: (a) the number of years for which we have observations during the period 2000-2022, (b) 
the average yield value (metric tons (megagram, Mg) per hectare), and (c) the estimated fraction of the total 
administrative boundary that is cultivated with maize. In (c), the area fraction is determined by calculating the 
ratio between the reported region-total harvested area (hectares) by the total land area within the administrative 
boundary. Gray regions denote no data.
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simultaneously, we recommend �rst applying the bias corrections summarized in Fig. 5 in order to harmonize 
these two datasets. �e satellite data we use as input for the neural network is GOSIF27. GOSIF is an empirical 
estimate of the solar-induced �uorescence (SIF) produced by photosynthesizing vegetation25,26,61. SIF has been 
shown to be a strong and robust proxy for crop yields61–63. �ere is no direct retrieval of SIF with global coverage 
over the historical period considered here (2000-2022), so we instead use the GOSIF product, which uses SIF 
retrievals from the Orbiting Carbon Observatory-2 (OCO-2)26 and co-located MODIS observations to train 
a machine learning algorithm to estimate SIF from MODIS data and meteorological reanalysis27. �e GOSIF 
dataset therefore can leverage the unparalleled spatial and temporal coverage of the MODIS mission to produce 
global maps of SIF at 0.05  × 0.05 degree (approximately 5  × 5 km) spatial resolution and 8-day temporal reso-
lution (producing  ~ 45 observations per year) over the period 2000–present27. 

Figure 12 illustrates the annual SIF cycle over the cropland areas used in the dataset shown in Fig. 11. �e 
phenologies in Fig. 12 clearly resolve the varied crop calendars from country to country. In order to collate and 
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Fig. 12 Constructing country-speci�c agricultural calendars using annual timeseries of solar-induced 
�uorescence (SIF) over croplands. �e plotted timeseries show two sequential annual cycles (January–
December). All sub-Saharan African countries with data in the ground-truth dataset in Fig. 11 are shown. 
�e timeseries are calculated by averaging the GOSIF27 observations (8-day repeat interval) over the period 
2000-2022. To compute the weighted average SIF value (y-axis), the GOSIF pixels (0.05  × 0.05 degree) are 
weighted by the estimated fraction cropland within that pixel, based on the cropland mask from Digital Earth 
Africa (Figure S23). Note that the timing (phase) of the annual SIF cycles varies from country to country, in 
accordance with changes in latitude and rainfall regime. Many countries in eastern Africa have two distinct 
SIF cycles each year denoting separate agricultural seasons. In order to harmonize and facilitate comparison 
between the di�erent country-level datasets, we de�ne a country-speci�c agricultural calendar that is de�ned as 
starting and ending at the time of year with the minimum average SIF value. �at is, the period of peak SIF (and 
therefore inferred crop growth) is located in the middle of each 12-month agricultural calendar. �e country-
speci�c calendars are denoted with gray rectangles, and the subplot titles report the day of year (DOY) when 
the calendar starts. Shi�ing each country’s average SIF curve by the calendar start date makes the country-level 
datasets collapse onto a similar, standardized shape (Figure S25).
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standardize data from all countries, we de�ne country-speci�c crop calendars by taking 12-month windows that 
start and end at the time in the year with the minimum average SIF. Figure 12 represents each country-speci�c 
crop calendar with a shaded gray rectangle. Using country-speci�c crop calendars successfully corrects for the 
phase o�sets in the SIF phenologies shown in Fig. 12 (e.g., due to di�erences in latitude, rainfall regime, and 
farmer practices), and allows the input data for the neural network described below to be standardized and 
normalized (see Figure S25).

To implement our satellite yield mapper, we �rst assemble the stack of m = 45 GOSIF observations from each 
year (Fig. 13). Next, we aggregate all of the pixels that fall within a sub-national administrative boundary into a 
histogram of bin counts (here we use l = 32 bins, where bin #1 represents the lowest pixel-level SIF values and 
bin #l represents the highest pixel-level SIF values). �e result of the data pre-processing steps outlined in Fig. 13 
is that each administrative boundary with a yield constraint in the ground-truth dataset in Fig. 11 is assigned 
a 32  × 45 matrix that represents the annual SIF timeseries for all of the pixels encapsulated in that geographic 
region. Each pixel-level observation within the administrative boundary can be weighted by an estimate of the 
relative cropland fraction in that region, in order to up-weight croplands and down-weight forests and devel-
oped areas (see Figure S23).

The 32  × 45 matrices illustrated in Fig. 13 serve as the input to our neural network. We use a simple 
feed-forward neural network architecture (see section 3 of the Supplementary Information for a full description 

Fig. 13 An illustration of a work�ow for aggregating remote sensing data (in this case, timeseries of 0.05  × 
0.05 degree GOSIF27 observations) to a scale that can be compared with region-level crop yields (for which there 
are available ground-truth data in the form of sub-national government statistics— see Fig. 11). (a) Each region 
(e.g., sub-national administrative boundary) covers a zone of n pixels in a satellite dataset. (b) �e satellite 
dataset may have m repeat observations throughout the growing season or year. In this case, we use the 0.05  × 
0.05 degree GOSIF27 observations as an example remote sensing dataset. GOSIF has a repeat interval of 8 days 
(corresponding to m = 45 observations for a full annual cycle). (c) For each of the m time slices, the n pixel-
level observations within the region of interest can be binned into a histogram of l bins (where bin #1 represents 
the lowest pixel values and bin #l represents the highest pixel values). �is binning step allows for regions with 
di�erent areas (and therefore di�erent numbers n of enclosed pixels) to be standardized to produce a remote 
sensing timeseries with common dimensions of l × m. �e matrices in (c) are normalized such that the sum 
of each column is 1. �ese matrices are used as the input for neural network shown in Fig. 14. Note that the 
l × m × 1 matrices shown in (c) could instead be l × m × c matrices, where c is the number of channels (i.e., 
multiple remote sensing datasets representing di�erent color bands in a multispectral satellite image or climate 
data such as temperature, precipitation, soil moisture, etc.).
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of the architecture). Figure 14 shows the model performance, evaluated both on the 80% of the dataset (Fig. 11) 
used to train the model, and on the random 20% of the dataset held-out from model training and used to 
test the model. Note that the correlation between the yield values predicted from the neural network and the 
ground-truth yields from government statistics is only ρ = 0.46 for the held-out test dataset (Fig. 14b). However, 
a considerable source of the noise in Fig. 14 could be the imperfect (noisy) nature of the ground-truth data17,31. 
�e results in Fig. 14 are as good as the best satellite-based approaches for measuring smallholder yield in the 
literature17.
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Fig. 14 Results of the simple feed-forward neural network used to estimate maize yields based on annual 
timeseries of GOSIF27 observations (Fig. 13). �e neural network is trained and tested on the Africa-wide 
ground-truth dataset shown in Fig. 11. �e testing data represents a random 20% of the dataset not used to train 
the model. �e value ρ(x, y) denotes the correlation coe�cient between the predicted yield from the neural 
network and the government-reported yield. Due to the large number of data points, the data are grouped into 
equally-spaced bins and are represented based on their binned mean values (squares), 25-75th percentiles (thick 
lines), and 10-90th percentiles (thin lines).

Fig. 15 Maps of estimated maize yields in Nigeria over the period 2002-2021 based on applying the neural 
network in Fig. 14. Equivalent estimates could be created for any other country (or for all of Africa) using the 
same neural network approach. �e maps are displayed with a transparency layer that represents the estimated 
cropland area fraction, such that regions with no croplands appear transparent and regions with abundant 
croplands appear opaque. See Figure S24 in the Supporting Information for the cropland area estimates.
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We can apply the trained neural network in Fig. 14 to any region in Africa (or to the whole continent). 
Figure 15 shows an illustration of the trained network applied to Nigeria over the period 2002-2021. Even though 
the network is trained on data from Africa as a whole, the yield estimates in Fig. 15 produce national-level maize 
yield inventories that have a mean absolute di�erence of just 0.17 Mg/ha compared to the FAO-reported national 
maize yields in Nigeria39. Finally, note that the model was trained end-to-end and evaluated on a personal laptop 
computer, so it does not require extensive computational resources.

Limitations of the GROW-africa database. Although GROW-Africa38 presents a substantial increase 
in the availability of spatially-disaggregated and harmonized crop yield observations in Africa, there remain a 
number of ongoing challenges and limitations of the dataset. �ree of the most important limitations include: 
(1) data quality, (2) spatial jitter in survey data, and (3) spatial and temporal gaps in coverage. First, household 
farmer survey data are abundant (for example, LSMS survey data constitute n = 195,152 (36%) of the obser-
vations in the GROW-Africa database), but these data also are notoriously noisy2,17,54,56,57. E�orts to generate a 
more limited number of high-quality ground-truth observations (e.g., through crop-cuts or full plot harvests) 
could make a profound improvement not only on our ability to develop high-quality remote sensing models20,31, 
but also on the ability to properly evaluate the accuracy of such models17,20,31. Second, the spatial jitter of 0–5 
km applied to farmer survey datasets48,49 (for privacy considerations) limits the utility of these datasets for cali-
brating high-resolution satellite-based yield mappers29,31,50. However, as illustrated in Fig. 13, the jittered survey 
observations can be aggregated to the  ~ 5 km scale and then used to train a satellite-based yield mapper at the 
same  ~ 5-km scale. Lastly, there remain major data gaps across space and time (see Fig. 11 and Figures S3–S5 of 
the Supplementary Information). Generating accurate wall-to-wall estimates of crop yields requires particular 
attention to �lling in these spatial data gaps (Fig. 11).

Future directions with GROW-africa. Earth Observation satellites are rapidly transforming our ability 
to monitor agricultural production from space. But the ever-expanding capabilities of satellites are rendering 
high-quality georeferenced ground-truth data more important, not less17. �e GROW-Africa database compiles 
n = 535,844 georeferenced yield observations for 25 crops in Africa to provide a baseline dataset that can be 
used to train remote sensing algorithms. For example, most of the existing gridded crop yield datasets64–67 are 
based on spatially-partitioning (allocating)68 the coarse national-level yield data from the FAO39. In contrast, 
granular ground-truth datasets such as the GROW-Africa database38 can enable a new generation of data-driven 
crop yield maps that are based on bottom-up estimates constrained by remote sensing observations. Finally, the 
GROW-Africa database38 also can be leveraged on its own to evaluate historical yield trends (Fig. 9) and their 
dependencies on climate variability6,7,9,10,12, climate extremes11,69, political circumstances13,36, agronomic prac-
tices14–16,70, and infrastructure development71–73, to name a few.

Code availability
�e code developed for processing and cleaning the data presented in this study, along with the full GROW-
Africa database, is available on Zenodo38: https://doi.org/10.5281/zenodo.14961637.
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