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RELEVANCE OF LAND COVER 
AND CROP MAPS 



RELEVANCE OF EARTH OBSERVATIONS DATA, LAND COVER AND LAND 
USE DATA

Earth Observations (EO) data and geo-spatial
information have been early recognized as
instrumental to the modernization of National
Statistical Offices and in support of operational
monitoring of SDGs by the UN (UN General
Assembly resolution, 2015), and by the main EO
coordination bodies such as the Group on Earth
Observation (GEO) and the United Nations
Committee of Experts on Global Geospatial
Information Management (UN-GGIM, Scott, G.,
Rajabifard, A., 2017 ).

EO can be used as complementary and/or
alternative data source to produce a variety of
official statistics such as agricultural statistics,
environmental statistics and other socio-
economic statistics.

• Large geographic scope 

• High spatial resolution 
(disaggregation)

• High 
temporal 
resolution 
(frequent 
update)

• Free Open Data and Low cost



LAND COVER & LAND USE DATA 
ARE FUNDAMENTAL

Land cover and land use data have
been included in the list of the
global fundamental geospatial data
themes by the Committee of
Experts on Global Geospatial
Information Management in 2018
(E/C.20/2018/7/Add.1).



LAND COVER AND LAND USE SUPPORT MANY SDGS

IMAGE CREDITS: Environment Statistics Section, United Nations Statistics Division 



The capacity of a country to produce national land cover maps in a standardized way over time,

is essential for the production of a land cover baseline and for systematically updating it, which

allows in turn for the production of LC statistics and LCC statistics and for SDG reporting

LAND COVER MAPS

LC statistics  

15.4.2

LC trends   

LCC statistics   SDG Reporting

TIME

2017 2018 2019 2020 2021 2022

Automatic production of annual national land cover map at 

10m resolution. Source: EOSTAT Lesotho 2022.



CROP MAPS (LAND USE)
Crop maps inform on the use of the land

cover class “agriculture”. They are

obtained by classifying EO data into crop

masks and into crop types maps informing

about the crops being cultivated during a

given agricultural season.

Crop type map, EOSTAT Senegal 2018

Applications of crop type maps:

1) Early estimates of crop statistics

2) Crop statistics disaggregation at field

level

3) Crop yield forecasting (coupled with

modeling)

4) Early Warning

5) Disaster impact assessments

6) Market analysis



PROBLEM DEFINITION AND 
MAIN CHALLENGES IN CROP 
MAPPING AND YIELD 
ESTIMATION



PROBLEM, OBJECTIVE, AND APPROACH

Problem: Collecting and predicating real time crop location 
and yield is difficult and expensive.

Support countries’ capacity 
to consistently collect 

agricultural statistics through 
integrated earth observation 
data, physical modeling, and 
ground truth data collection.

Provide a free tool, publicly 
hosted for sustainable utility 

with pilot in-country 
collaboration and capacity 

building.

Objective Approach



• Crop type mapping

• Limited availability of in-situ data of adequate 
quality in countries

• High dependency of supervised classification 
methods on large amounts of in-situ data of 
adequate quality, while this resource is rare to 
find in countries

• Low transferability of training data and models 
to different agricultural epochs and to different 
countries

• High cloud coverage in specific climatic zones 
which impairs the use of optical satellite data

• Crop yield forecasting and Mapping

• Traditional methods of yield estimation depend
on crop cutting but they lack rigorous and
standardized protocols for harmonized data
collection. Yield forecasts based on limited
number of crop cutting remains highly
uncertain due to the large spatial variability of
samples.

• EO models based on regressions of crop yields
on vegetation indexes derived from Satellite
images have low accuracy

GPS traces not closed.

GPS single point collected at the border of parcels or at cross roads.

GPS points collected at the household instead of plot

Difficult if not impossible to link field data with EO data (satellite images)

Unbalanced sampling: oversampling of dominant crops and under sampling of 

minor crops, resulting in low accuracy of maps



As a rule of thumb, the target sampling density for a cropland map of a
typical JECAM site could be around 1 observation/5 sq. km. For the main
crop types of a typical JECAM site, the sampling density could range from 1
observation/sq. km of annual cropland to 1 observation/10 sq. km for very
simple agricultural landscape. If parcel boundaries are available in a vector
format ex ante, the windshield survey can proceed by polygon labeling and a
sampling density of 1 observation per sq. km can provide a sampling rate of
1 % of the JECAM site area.

Sherrie Wang et al., 2019, conducted a study in the US Midwest.

Random forests trained on regions and years similar in growing 

degree days (GDD) transfer to the target region with accuracies 

consistently exceeding 80%. Accuracies decrease as differences in 

GDD expand. 

Unsupervised Gaussian mixture models (GMM) with class labels 

derived using county-level crop statistics classify crops less 

consistently but require no field-level labels for training. GMM 

achieves over 85% accuracy in states with low crop diversity 

(Illinois, Iowa, Indiana, Nebraska), but performs sometimes no 

better than random when high crop diversity interferes with 

clustering (North Dakota, South Dakota, Wisconsin, Michigan).

More research is needed in non extensive agriculture, in small 

holder farming and in developing countries

• Crop type mapping

• Limited availability of in-situ data of adequate 
quality in countries

• High dependency of supervised classification 
methods on large amounts of in-situ data of 
adequate quality, while this resource is rare to 
find in countries

• Low transferability of training data and models 
to different agricultural epochs and to different 
countries

• High cloud coverage in specific climatic zones 
which impairs the use of optical satellite data

• Crop yield forecasting and Mapping

• Traditional methods of yield estimation depend
on crop cutting but they lack rigorous and
standardized protocols for harmonized data
collection. Yield forecasts based on limited
number of crop cutting remains highly
uncertain due to the large spatial variability of
samples. Crop cuts are often not georeferenced

• EO models based on regressions of crop yields
on vegetation indexes derived from Satellite
images have low predictive power



OBJECTIVE OF EOSTAT 
PROJECT



1. Use of trusted methods (Sen2Agri and Sen4Stat) which rely on Random 
Forest supervised classifier for crop mapping in countries where in-situ 
data is available with sufficient quality and quantity. 

2. Improved survey design to ensure fitness for EO use, with final goal to 
increase cost efficiency (less data to collect, but better distributed)

3. Development and testing of data frugal algorithms (e.g. Dynamic Time 
Warping) and use in countries where in-situ data is a challenge

4. Development of methods for the transferability of in-situ data based on K-
means and augmented pheno spectral libraries

5. Integration of physical based crop growth model (SALUS) with Earth 
Observations data

6. Support the standardization of EO methods in the Agency, across UN 
agencies and across NSO’s 

7. On site training, webinars and seminars. Transfer of knowhow and tools.

EOSTAT PROJECT SOLUTIONS:
EOSTAT background:

Launched in 2019, its main

objective is to support

countries’ capacity to

consistently collect

agricultural statistics through

integrated earth observation

data, physical modeling, and

ground truth data collection



USE OF TRUSTED METHODS
SENEGAL, UGANDA, EL 
SALVADOR, MALI



The Sen2-Agri system is an operational standalone 
processing system generating agricultural products 
from Sentinel-2 (A&B) and Landsat 8 time series along 
the growing season. These different products consist of:
•Monthly cloud free composites
•Biophysical indicators (NDVI, LAI, fPAR)
•Crop mask, several along the season
•Crop type mask, seasonal

The Sen4Stat evolves from the 
Sen2-Agri system but adds 
metrics from Sentinel-1 radar 
images. It includes area 
estimation and accounts for the 
crop class accuracy. Finally, it 
integrates a crop yield module.

SEN2AGRI



SENEGAL 2018 AND 2021

Crop Mask 10m
Overall Accuracy: 96%
F-Score for crops: 97%
F-score for non-crops: 98%
Classification using Random Forest
Using Sentinel2 time series



2018, National Crop Type map 10m
Crop Acreage Statistics



VALIDATION OF RESULTS



PILOT IN NIORO DISTICT 2021   

An optimized field survey
protocol was implemented
during the AAS 2021 in one
district (NIORO) leading to
higher quaility in-situ data,
leading to higher accuracy

in crop type map

Overall Accuracy: 90.2% 



OPTIMIZING SURVEY DESIGN 
AND FIELD PROTOCOL



SENEGAL - LIST FRAME  
Recommendations derived from pilot survey implemented in
Nioro district during the AAS 2021:
• Geo-reference parcel boundary with GPS
• Add additional GPS point in the middle of the parcel with

the tablet and the Survey Solutions software
• GPS point in the crop-cutting plot

Recommendations based on a design independent from an official agricultural survey.
• Stratification based on cropping intensity (0% - 30% ; 30% - 60% ; 60% - 100%) based on the

ESA WorldCover land cover map
• Random selection of 300 segments (500m X 600m) within the different zones.
• Manual digitizing (on-screen) of homogenous crop block/parcel using Google Earth /Bing

imagery for each segment
• MapMe, used for the teams navigation (driving to the place of each segment);
• - ODK Collect, used to collect field data (answering a form about crop type and crop aera);
• - Qfield, used to assess the crop block/parcel boundaries and to modify them when needed.

RECOMMENDATIONS 

ENDORSED BY DAPSA

AND IMPLEMENTED IN THE AAS 

2022/2023

MALI – AREA FRAME  



METHODOLOGICAL DEVELOPMENT

DATA FRUGAL CLASSIFICATION 
ALGORITHMS - DTW
AFGHANISTAN, ECUADOR, CAMEROON



Comparative analysis of performance of Random Forest 
vs Dynamic Time Warping in the context of scarcity of in-
situ data

METHODOLOGICAL DEVELOPMENT



Crop library 

Front end crop map 
GEE JavaScript API

In-country Statistical 
service data collection and 

validation Administrator tool 

Machine learning 
classification of crop type 

Crop Mapper Tool 



METHODOLOGICAL DEVELOPMENT

INTEGRATION OF EO DATA WITH 
PHYSICAL BASED CROP GROWTH 
MODEL
ECUADOR, CAMEROON



INTEGRATION OF EO DATA AND PROCESS-BASED CROP GROWTH 
MODELLING 

Innovation



Yield

History

SALUS

Crop 

Modeling

Real time 

Crop mapper

Accurate Yield Information Cycle

INTEGRATION OF EO DATA WITH PROCESS-BASED CROP GROWTH MODELL  SALUS 
(SYSTEM APPROACH TO LAND USE SUSTAINABILITY) 



Remote sensing soil 
and climate data 

In-country 
Data

Crop type 
and location 

In-country 
Statistical 

service data 
collection and 

validation 

Yield Predictor Tool 

SALUS 

Local management and crop stress data 

Real-time Yield 
Prediction 

Season weather 
condition

Innovation



Remote sensing soil 
and climate data 

Crop type 
and location 

Real-time 
weather 

conditions 
during the 

season can be 
evaluated

Yield Predictor Tool 

SALUS 

Simulation of all plausible yield outcome for major crops for each agroecological zone. 

Real-time ield 
Prediction

SALUS 

Season weather 
condition

Real-time Yield 
Prediction 

Weather

Soil

In-country 
Data

Innovation



ONLINE AND ON-SITE TRAINING OF EXPERTS FROM MINISTRY OF AGRICULTURE  

The Minister of Agriculture of Ecuador, Bernardo

Manzano, engaged in the discussion on the importance of

prediction of Maize and Rice ahead of time to balance

export and import amounts.



Ecuador End user tool: overview
https://msu-cropmapper.users.earthengine.app/view/ecuador-end-user



Cameroon End user tool: overview
https://msu-cropmapper.users.earthengine.app/view/cameroon-crop-yield-mapper



FIELD BOUNDARIES 
MAPPING



CROP BOUNDARY DELINEATION - PROGRESS

Rwanda:

o Use of NASA Harvest Competition dataset 

• 70 tiles (256*256 pixels) of Planet imagery

• Validation dataset covering 1532 individual crop fields

o Processings conducted:

• Batch preparation of imagery and ground-truth data (band stacking, conversIon from boundary to extent)

• Field extent prediction using Sherrie’s module/function and pre-trained model

• Field instance segmentation    

• Prediction and segmentation results assessment, export (with geospatial information added)

Mozambique:

o Selected areas with dense crops from user provided AOIs

o Processing conducted:

• Script to batch download Planet imagery using API

• Batch preparation of Planet images (clipping and band extraction)

• Field extent prediction and instance segmentation, export (with geospatial information added)

CNN and transfer learning Model: credits to Sherrie Wang,  UC Berkley



Crop boundary delineation – Rwanda Results
Planet RGB Predicted extent probability Predicted boundary probability Instance segmentation result Ground-truth field boundary

Mean F1 score: 0.91

Median IoU: 0.42



METHODOLOGICAL DEVELOPMENT

ARTIFICIALLY UPDATING IN-SITU 
DATA
LESOTHO



Curation of in situ data for land cover mapping in different 
epochs

Updated 
In-situ 
dataset

METHODOLOGICAL DEVELOPMENT

TIME

2017 2018 2019 2020 2021 2022

Automatic production of annual national land cover map at 10m 
resolution



STANDARDIZATION THE CASE 
OF SDG 15.4.2



SDG 15.4.2: EXAMPLE OF METHODOLOGICAL DEVELOPMENT AND 
STANDARDIZATION

• 2020: FAO developed a new methodology based on analysis of land cover and digital 
elevation data. Method was published on the Int. Journal of Geo-Informarion link.

• 2020/2021: The new method was used by FAO to produce national and subnational 
estimates on a global scale. FAO estimates underwent a validation process with countries.

• 2021The method was endorsed by the IAEG-SDG and then by the UN Stat. Commission

• 2021/2022: the EO methodology has been further refined to integrate the dimension of 
land cover degradation into the Green Mountain Index (e.g. land can become green 
because of climate change). The new proposed methodology for15.4.2 has been endorsed 
by the IAEG-SDG in July 2022. The refined methodology is currently being validated by 
countries. 

• Next step February 2023: production of revised national and subnational estimates on a 
global scale to be validated by countries

Safeguarding mountain vegetation: FAO receives 2021 

GEO Sustainable Development Goals Award

https://www.mdpi.com/2220-9964/10/7/427
https://www.earthobservations.org/geo_blog_obs.php?id=536
https://www.fao.org/international-mountain-day/international-mountain-day-in-the-news/events-detail/es/c/1534242/


EOSTAT MAPS  



HIGH-RES GEOSPATIAL DATA PUBLISHED  TO THE FAO HIH GEOSPATIAL 
PLATFORM

- 64 national maps 
developed since 2020 

- Accessible through the 
Hand in Hand 
Geospatial Platform of 
FAO

https://data.apps.fao.org/


ECUADOR 
MAIZE & RICE, AREAGE AND YIELD, FROM 2018 THROUGH 2023

Country
Crop Type 
10m

Crop yield 
10m

Land Cover 
10m 

In Situ 
data

Afghanistan X X X
Cameroon X X X
Ecuador X X X
El Salvador X X X
Gabon X X X
Guatemala X X
Mali X X X
Mozambique X X X X
Rwanda X X X X
Senegal X X
Lesotho X X X



ECUADOR 
MAIZE & RICE, AREAGE AND YIELD, FROM 2018 THROUGH 2023

GUAYAS

Crop production statistics at 

national and subnational 

level (Mega Tons)



CAMEROON 
RICE, CASSAVA, MAIZE, SORGHUM, 
FROM 2012 THROUGH 2020



RWANDA AND MOZAMBIQUE, LC 2021

Rwanda

Mozambique

Updated land cover maps for Rwanda 
and Mozambique 2021

Land cover mapping workflow prototype 
– open source, user friendly

Upcoming online workshop training:

Introduction webinar 

Two online training sessions through DE 
Africa Sandbox



EL SALVADOR, 2022 
Ad hoc survey implemented in the departments of La 

Libertad and Cuscatlán until the end of December 

2022.



ADVANTAGES OF EOSTAT
APPROACH



Advantages of EOSTAT approach to crop mapping 
• Earth Observation (EO) have shown to be capable of quantifying areas and type of crops under cultivation at the 

district, region and country level. 

• The novel method is independent of self-reporting data coming from local authorities and scalable. 

• Can cope with in situ data scarcity

• Increase cost efficiency of field survey

• The application of the FAO EO-Stat Crop Mapper has shown to be able to reproduce measured yield 
observation. The systems can scale up results to larger areas beyond the small sample of costly data collection.  

• EO-model based results are science-based and demonstrated to capture the complex feedbacks between soil, 
climate, management and genetics. 

• The FAO-STAT Crop Mapper based on EO linked with process-based crop simulation models can revolutionize 
how crop yield and areas are estimated. 
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