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AFCAS 28

EQ BIG DATA AND AGRICULTURAL STATISTICS

EOSTAT

A) Earth Observations Big Data and Agricultural Statistics

B) Establishment and scope of work of the Task Teak on EO for Agriculture Stats under the joint UN CEAG-CEBD
C) EOSTAT results from projects in countries:

dZimbabwe

QSenegal and Mali

QLesotho

Rwanda

4 AGENDAITEM10 AFRICAN COMMISSION ON AGRICULTURAL STATISTICS (AFCAS 28) | 4 — 8 December 2023 (Johannesburg, South Africa)



AFCAS 28

Crop acreage, vield and production

" Projected crop production information is critical for a nation’s food security (Jayne and Rashid 2010)

Early and accurate accounting of crop acreage and yield allows for computing production data for rapid response to crises
(Savary et al. 2012) as well as monitoring and promoting sound agronomic practices (Singh et al. 2013; Mehrabi and
Sepaskhah 2019)

The perfect knowledge of acreage and vyield before harvest plays a critical role in decision making for different
stakeholders — from farmers to policy makers to governments for food security to commodities traders (B. Basso, L. Liu,
2019)

However, difficulties arise in the gathering of statistical information using tradition survey based methods due to the
heterogeneity of producer operations, soil condition, and weather events which inhibits the ability of nations to establish
explicit yield prediction (Taylor et al. 2007) and timely assessment of crop acreage before the harvest.

In this context Big data from Earth Observations offer a viable solution as an alternative or an integration to traditional
survey based methods
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THE AGE OF BIG EARTH OBSERVATION DATA /

AFCAS 28
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THE NEW DIGITAL ECONOMY

dCCESS

public APIs massive use
Google, Weibo, Twitter/X, WeChat, Waze,...
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Silicon Valley comes to Earth observations

Google Earth Engine: AECAS 28

Google Earth Engine Search places and datasets... U
Landsat - Phenclogy Model js | EENEEE 3
~ Examples 37 // Set up the “design matrix" to input to the regression., Use print{...) to write to this
~ Image 38 - function createl inearModelInputs(ing) { console.
I From Name 39 var tstang = ee.Date(inmg.get('system:time_start'));
4e var tdelta = tstamp.difference(start, ‘year'); Original snd fitted valu (£
ﬁWhCoOnum.ot 41 /7 Build an image that will be used to fit the eguation _._“m, —o— fmad
B Normalized Difference 42 /7 €O + Clesin(2w=pivtl) + c2%cos(2epiet) = NDVI 100
I Expressson 43 var isg_fitting = img.select()
s HOR Landsat 44 .2¢dBands(1) ere
& Hillshade 45 .acdBandsitdelta.multiply{2«Math.PI).sinl))
46 .acdBands(tdelta.multiply(2aMath.PI}.cos()) cwe
& Landcover Clesnup 47 .acdBands{ing.select('NOVI*)) 1 <
& Reduce Region 48 .toDouble(]); c2s -
k Bitwise And 49 return ing_fitting;
Ik Canny Edge Detector se 3 coo
Cen' 51 Ace e Oct
:a":‘o;Pivotlmgallonoetoc- S$S2 /7 Estisate NOVI nccording to the fitted mocel. 201s 2014 01e
53 - function prediciNDVI(img) {
& Connected Pixel Count 54 var tstanp = ee.Date(ing.get(’'system:time_start'));
Ik Download Example 55 var tdelta = tstamp.difference(start, ‘year’);
& From Name Landsat8 55 /7 predicted NOVI = ¢8 + clssin(2epist) + c2w=cos(2wpixt)
i - f
K HSV Pan Srarpering B e preciuied % W Seep(emacoNt) L Ly o caiis |
Hough Transform

2% Global enabler (2.000+ papers): low entry cost to big Earth observation
CB data analvsis 2025
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10 LINES OF CODE TO CREATE A DATACUBE ~

AFCAS 28

Processing data in Microsoft Planetary \ o
Computer (MPC) LS R T

# create a data cube covering an area in the
Brazilian Amazon A
s2_ 20LKP_cube MPC <- sits_ cube( 0zs |
source = "MPC",
collection = "SENTINEL-2-L2A",
tiles = "20LKP", 104'5-
bands = c("Be2", "B8A", "B1l1l", "CLOUD"),
start _date = "2019-07-01",

10.1°S

10.3°S 1

10.5°S

end date = "2019-07-28" 1ms’4‘}
# plot a color composite of one date of the cube 0s's I8 B T R e

plot(s2 20LKP_cube MPC, red = "B11", blue = "B@2",
green = "B8A", date = "2019-07-18")

DS o s SR = C
B5.7°W 656'W 655'W 654°W B53W 652°W 65.1°W 65.0°'W BAW 64.8'W

10.9°S
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/ LINES OF CODE TO DEVELOP A NATIONAL

LAND COVER MAP AFCAS 28

# classify data cube # generate thematic map "'
ro_cube 20LKP_probs <- sits classify defor_map <- sits_label classification
(data = ro_cube_ 20LKP, (cube =ro_cube_20LKP_probs)

ml model = ltae model)

plot(ro_cube 20LKP probs plot(defor_map)

| Bumed_Area ! | Cleared_Area

Burned_Area . Cleared_Area 10.56°S Iabels
0.2 ! 0.2 B Burned_Area
04 « 04 Cleared_Area
06 & ; v 10.58°s -}l Il Forest
0.8 ™\ 08 —u+ Highly_Degraded
' Svs . 5 A &
‘' 4 ’ »
] ( N
~

, Source: Gilberto Camara
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https://rdrr.io/pkg/sits/man/sits_classify.html
https://rdrr.io/r/graphics/plot.default.html
https://rdrr.io/pkg/sits/man/sits_label_classification.html

WHY EO data time series? Because it shows change

GALUCHA DO N

NDVI

M | NATD 50|

A

AFCAS 28
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Discover

FAO-EOSTAT

Launched in 2019, FAO's EOSTAT project uses next generation Earth observation tools to produce land cover and land use statistics.
Initially deployed in Senegal and Uganda, then expanded to 21 countries, the innovative approach relies on free of charge Earth
observation data, vegetation and climate modelling, as well as field survey data to build countries’ capacity to produce seasonal crop type
maps, annual land cover maps that are standardized, accurate, granular and validated. FAO and its partners are now seizing the
opportunity to expand the project to other countries in Africa, Asia, Latin America and the Caribbean to make agrifood systems more

resilient and achieve Zero Hunger.

Resources

FAO has developed a number of online tools and resources to assist countries in using EOSTAT.

MAP STORY MAP STORY ONLINE TOOL

Related links
FAO Statistics >
Hand-in-Hand >

United Nations Committee of
Experts on food security,
agricultural and rural statistics
(UN-CEAG) >

Research articles

B Using Sta

Land Cover

SDG Indicator “Mountain Green
Cover Index” and Assess Its
Sensitivity to Vegetation Dynamics

External resources

& UN Global Working Group on

OMLINE TOOL

Crop Mapper online
tool (Ecuador)

EOQSTAT tool for estimating

crop yield for different crops
in Ecuador

FAO-EOSTAT project
training

2023

Launched in 2021 by the Food
and Agriculture Organization
of the United Nations (FAQ).
the EOSTAT project uses next
generation Earth observation
tools...

Lesotho: Land cover
atlas 2017-2023
2023

The NextGen-Atlas of Lesotho
provides information on the
land cover distribution at
multiple geographical levels
and across the time frame
2017-2022:...

Big Data

& United Nations Committee of

Experts on Global Geospatial
Information Management (UN-
GGIM)

Contact

Lorenzo de Simone,

12

Highlights

-

Project Lead

Two awards recognize FAO's innovative use of geospatial
technologies
08/11/2023

The WaPOR water-efficiency portal and a land-cover monitoring project in Lesotho
both contribute to SDG monitoring

FAQ, Digital Earth Africa and Frontier SI's collaboration to enhance
the use of Earth observations in Africa
17/06/2022

The Food and Agriculture Organization of the United Nations (FAD), Digital Earth
Africa and Frontier S| have initiated a new collaboration to help African countries
use Earth observations to produce land cover and crop statistics

Next generation Earth Observation tools help monitor land cover
change in Lesotho




Relevance of EO data and the Task Team on EO data for n

Agricultural Statistics under the joint UNCEAG-UNCEB AFCAS 28
»v

A Task Team on Satellite Imagery was first created in 2014 (under the Global Working G*up on
Big Data for Official Statistics), with a mandate

I)to identify approaches for collecting representative training data;

i1)develop and implement methods using satellite imagery and the training data for producing
official statistics, including the statistical application of predictive models for crop production
yields.

The task team was later renamed to the Task Team on Earth Observation Data for Agriculture
Statistics to not limit the data sources just to satellite imagery.

The main objective of the Task Team is to provide concrete examples of the potential use of EO
data for official statistics, to develop and share methods for estimating crop location, crop type
and crop yield using optical and SAR data, produce global land cover and land use statistics. In
2017 a “Satellite Imagery and Geospatial Data Task Team report” was published as a handbook
providing an introduction to the use of EO data for official statistics, types of sources available

‘I . - . . - . - - - " - .
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https://unstats.un.org/bigdata/task-teams/earth-observation/UNGWG_Satellite_Task_Team_Report_WhiteCover.pdf

Task Team Composition AFCAS 28

3 Sub
Task Teams

* NSO from countries globally
* UN Agencies (e.g. FAO)
* UN Big Data Regional Hubs

* Development funding bodies (e.g. WB, ADB,

* EO big data providers (Free and Open, e.g. Digital
Earth Africa)

* International EO working groups (DatasSDG,
GEOGLAM)

The participation to the TT has further expanded as
a result of the merge with the Task Team on the Use
of Earth Observations fata for Agricultural Statistics
established under the UN-CEAG (Committee of
Experts on food security, AGricolture and rural
statistics

Data |
Sharing -
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ZIMBABWE

WINTER WHEAT MAPPING FCA 28
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Is this & Crop or Fallow

Observations in the field include: Crop
=  Crop type, yield and management information is recorded

= Picture is taken Random Forest Simplified

Instance

Random V \
LAKN K888 KL BN

Tree-1 Tree-2 Tree-n

EO data was used to verify the consistency of the vegeta

in time o m
o
O

Inspector JRSGTET SR 1
NDVL: d. 44905 3785 14

fges) B

Class-A Class-B Class-B

vSeries: List (22

l
I Majority-Voting |

[\1 F'\ Final-Class
0.75

0.25 \\,J

A J 2020, A J 2021 A J 2022 A J 2023 A J
IR — ...y Maps Contributors, | _
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A)
)

Give users all the data!

AFCAS 28
1 gricu ture \p

2 05
.
0
2000 2002 2004 20006 2008 2010 2012 2014 2016
Forest
1
2 0.5
o
0
2000 2002 2004 2006 2008 2010 2012 2014 2016
Forest Pasture Agriculture

0
2000 2002 2004 2006 2008 2010 2012 2014 2016

Using time series - significant increase in LUCC accuracy
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Land classification with image

time series AFCAS 28

BRAZIL
DATA CUBE

ltnvmv meadow
allow Land
wikd hand
Ngh -knu ty housing surface
c wban surface
im dfm y howsing surface
mincral weface

[ Rl SRS [ [ T BT | BRIl |1 | BeEs] i) %

Satellite Image Series Time Series Land Cover Map (Classes)
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Random forest as one method for time

series analysis AFCAS 28

Multi-way importance plot \l;(/
Baevin7]  [EVILE

104 Instance

variable Random Forest
® ® non-top
* top

Random Forest Simplified

=] NN N NN
ez . = N P
o no_of_nodes \ / \
£ d e o ® 200 Tree-2 Tree-n
= o I ® 0 Tree-1 ree-2 ce-1
®
o e ° @ s Class-A Clalss-B Class-B

Majority-Voting |

Final-Class

°7 [(novio® @@Eviiz) @S eme o -
' : :

3 A 7 8
mean_min_depth
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WINTER WHEAT NATIONAL MAP 2023

AFCAS 28

Choma
L

Kalomo

Maamba

\‘v

Tulgmcl *Espungabera

5 :
Erancisto - PR i I
3 305 ¥ N RS ; . . .

N 5 s | Food and Agriculture Organization

Tonotha = -
Uetlhakane 3 of the United Nations

[1 winter Crops

- Fallow Seiot:wft‘kwo 3 'v ) i L . > UN B. D
[ NoCrop AR : : Ig ata

< - : Eemiaco

AGENDAITEM10 AFRICAN COMMISSION ON AGRICULTURAL STATISTICS (AFCAS 28) | 4— 8 December 2023 (Johannesburg, South Africa)




WINTER WHEAT NATIONAL MAP 2023

AFCAS 28
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WINTER WHEAT NATIONAL MAP 2023

AFCAS 28
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wemes - EQSTAT Zimbabwe

Winter Wheat and Fallow 2023

Zimbabwe_land_cover WTL1
Cropland Zimbebwe 2023

Value

Winter crop

- Fallow

ACCURACY

AFCAS 28

\H=
202 ground truth data used
for accuracy assessment

Overall Accuracy = 86%
Kappa statistic = 0.9

WorldCover local accuracy -
OA =78%

0 Food and Agriculture Organization : % :’.' . UN Bi D ata
7 of the United Nations : b g


https://hqfao.maps.arcgis.com/apps/webappviewer/index.html?id=a4d322d4755e4f9b918f661812f82136

SENEGAL
CROP MAPPING AND YIELD

AFCAS 28 N
b )
W/
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A)
)

PILOT SURVEY IN NIORO DISTICT 2021

AFCAS 28

SendsStat P D=
I Noncrop Maize  Millet Groundnut UA contagr)\auons ‘Omissions (%)
i Expressed in number of pixels
L . Non crop 90.15 20.49 9.85
= An optimized field survey protocol
: . Mai 9551  17.34 4.49
was implemented during the AAS  |coptype| "0
. . . ma o
2021 in one district (NIORO) e Millet 86.96  6.10 13.04
leading to higher quaility in-situ Groundnut 9227 252 7.73

data, leading to high accuracy in PA 795 827 939 97.5 o
crop type map <Overa|l Accuracy: 90.2%
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EFFICIENCY FROM THE USE OF EO DATA AFCAS 28 77

Standard error of estimators of
Crop type proportions Efficiency of
+ Field & satellite | satellite data
Field data only
data

Maize 1,37 1,62 0,72

3,37 1,73 3,79

3,34 1,78 3,52

The table shows preliminary results in terms of cost-effectiveness for the area estimation from the integration of EO data
with survey data. The table shows contrasting results on the basis of the analysis of the sampling variance of the
estimators. The results are based on a preliminary work that needs to be reviewed, corrected and deepened.
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CROPYIELD ESTIMATION

AFCAS 28

* FAO and the Ministry of Agriculture and the Bureau of Statistics collaborated on the use
of EO data to predict crop yield

Area Index (LAI) derived from Sentinel 2 data

= |n-situ data:

 Yield measurements were collected from
hundreds of crop plots in the Nioro district.

d Depending on the crop, the size of the
measurement square varies between 5 and
25 m2. In the first investigation, the yield
squares were considered georeferenced with

racé des parcelles ODK avec un rende-

ment associ é

the field ID and measurement square in the
ODK application.

Figure 2: Location of crop cutting squares
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= Poor

correlations

were

RESULTS

found

Arachide - R=0.399

Mais - R=-0.331

AFCAS 28

Millet - R=-0.046

2500

1800

between LAl and observed vyield
These relations, neither at pixel nor
field level, did not allow training a o o
yield model providing satisfactory S L

performance e e e e rr e Tt

LA obsené

Rendement[kg/ha)
000 500 2000 2500
2 &
o =)
A *
00 1500 2000
1000 1200 1400 1600
L
?

maxmum LA observé maximum LAl observé

* During technical discussion with experts, it emerged
that measurement squares were not properly
georeferenced, explaining the weak correlations
between features and the measured yields at pixel
level. As only one measure was taken by fields and due
to the field heterogeneity, 16 squares of measurement
were not representative of the entire fields either.

LAl maximum observe

e pixel associated to the measurement square, compared to measured yield for the three
main crops of Nioro

Mais - R=0.129 Millet - R=-0.029

2000 2500
! !

1000
|
. ..
e,
. .

1500
-

600 1000 1200 1400 1600 1800 2000
| 1 1 1 It 1 1
’

[
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RECOMMENDATIONS

ADJUSTMENT OF SURVEY. DESIGN oGRS LI

AND IMPLEMENTED IN THE AAS
2022/2023 NN

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

g- * N ':
= GPS point in the crop-cutting plot ( A
MALI - AREA FRAME :
= Recommendations based on a design independent from an of -t

= Stratification based on cropping intensity (0% - 30% ; 30% - 6
map

= Random selection of 300 segments (500m X 600mM) Within the || eg semens erecussariizz
G Segement Cercle Dioila
—— Route

= Manual digitizing (on-screen) of homogenous crop block/parcef] * sace

Dioila

T

Fana

" MapMe, used for the teams navigation (driving to the place of (|| oo
assigui
C3 Limite cercle Dioila

= - ODK Collect, used to collect field data (answering a form abo(l—= ' —%

Figure 21. Localization of the segments visited by the end of November 2022




LESOTHO

Land Cover Statistics and SDG monitoring and

reportingAFCAS )8

15.4.2 MGC|

The capacity of a country to produce national land cover maps in a standar
production of a land cover baseline and for systematically updating it, whig

statistics and LCC statistics and for SDG reporting

2017 2018 2019 2020 2021 2022

Automatic production of annual national land cover map at
10m resolution. Source: EOSTAT Lesotho 2022.

— AGENDAITEM1o0
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Article
Operational Use of EQ Data for National Land Cover Official
Statistics in Lesotho
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RWANDA

modernization of national land cover mapping methodology

Predicted cIass_,)_ \s /_ - &0 \ ‘
Value Forest Grassland | Shrubland | Cropland | Wetland | Water Urban Baré U
B Forest B Body Settlement Land .
Grassland
gt Tr | Forest 937 4 12 41 0 2 1 3 h®04
Cropland ,
Wetland P ; x s a ue
Waterbody RN S, cla | Grassland 28 887 26 30 1 0 19 9 0.89
Urban 8 SS
M facstand Shrubland | 4 35 522 408 5 1 18 7 0.52
Cropland 26 269 336 1257 1 5 94 12 0.63
Wetland 5 5 51 80 845 13 1 0 0.85
Water 1 0 0 0 0 962 1 0 0.99
Body
Urban 2 12 11 205 0 1 754 15 0.75
Settlement
Bare Land 6 9 13 347 2 0 204 419 0.42
Producer 0.93 0.73 0.54 0.53 0.99 0.98 0.69 0.90
accuracy

Area % by LandCoverClass

* First prototype produced
without any in-situ data for
baseline 2021

Gopnd Smblnd  Guslnd | foedt  Waaby | Ubn  Welnd Dacknd * Overall Accuracy 76%

LandCoverClass
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Comparison of Land Cover area 2015 -2021
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' Less deatail 2015

e cnse Forest

I Moderate Forest

I Sparse Forest
Closed Grassland
Open Grassland

i Closed Shrubland
Open Shrubland
Perennial Cropland
Annual Cropland
Wetland

B Water Body

I Settlement
Otherland

x,ﬂ

' 7 W3 e Ny 25 AR &
Very high-resolution image of the landscape within Nyamagabe- Musanoe Sector (29 5730 E 2 2809° S); b) LC
map 2015, depicting mainly cropland and sparse forest and very limited minor patches of Moderate forest and

closed Shrubland.
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: More deatail 2021

B Forest
Grassland
Shrubland
Cropland

_ Wetland

B Waterbody

B Urban

Bareland

LC map 2021 depicting settlement features, waterbodies, forest, shrubland, grassland an
cropland for the same area.
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Field Boundary mapping

1 The method developed by Wang et al. (2022) was tested by FAO's using Digital Earth A‘
delineate field boundaries, with pre-trained model weights provided by Dr Sherrie Wang:

[ Principal aspects of the model:

U It a method for accurate, scalable field delineation in smallholder systems.

 Fields are delineated with state-of-the-art deep learning and watershed segmentation.
[ Transfer learning and weak supervision reduce training labels needed by 5x to 10x

1 10,000 new crop field boundaries were generated in India and publicly released.

The method employes a DECODE (DEtect, COnsolidate, and DElinetate) method, where a deep Convolutional
Neural Network (CNN) called FracTAL ResUnet was introduced for multi-task semantic segmentation (Waldner
et al., 2021).

The FracTAL ResUNet is a multitasking encoder—decoder network largely based on ResUnet-a (Diakogiannis et

al. 2020) and was first introduced by Waldner et al. (2021) to create production-grade field boundaries in

Australia.
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Field Boundary mapping

Monthly Planet Validation
tiles crop fields

Data preparation

mosaicking chunking chunking | Rasterisation
v
Monthly Planet Validation
chunks chunks
Pre-trained weight
Model prediction ‘
> CNN model
Extent probability | Segmentation

v parameter tuning

Segmentation & —
|  Predictions |«

validation Boundary probability

Validation

Distance to boundary

Field instances

Post-processing L Trimming
Mosaicking Crop masking

Y

Masked results
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Field Boundary mapping

Crop boundaries delivered for Rwanda (top row) and Mozambique (bottom row). (a) Crop
boundary probability raster.
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Validation

Predicted boundary
Planet RGB image probability

AFCAS 28

Instance segmentation Ground-truth field boundary on Planet
segmentation result image

The boundaries are well delineated with high probabilities, especially considering that the model was trained on
a different region. Nevertheless, some over-segmentation and under-segmentation can be observed. A mean F1

score of 0.91 and a median loU of 0.42 were derived through validation against the validation dataset.
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Reflection points for feedback from Members of AFCAS

AFCAS 28

\D

1) relevance of the EOSTAT programme for the production of statistics in their respective countries with a foc
on:

1) Crop acreage
2) Crop vyield
3) Crop plot boundaries mapping

2) challenges found in the use of EO data for land cover mapping, SDG indicator monitoring and reporting,
including the Mountain Green Cover Index (MGCI), crop type mapping, crop acreage and yield estimates, and
express their most pressing methodological and/or capacity development needs;

3) Take note of the UN-CEAG/CEBD proposed areas of work for 2024-27, share recommendations and suggestions
for the finalization of this programme of work and expression of interest in becoming members of the task force

The boundaries and names shown and the designations used on this/these map(s) do not imply the expression of any opinion
whatsoever on the part of FAO concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers and boundaries. Dashed lines on maps represent approximate border lines for which there may not

yet be full agreement.
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Thank you for your attention!

AFCAS 28
LEVERAGING

DATA & STATISTICS
FOR AGRIFOOD
SYSTEMS

TRANSFORMATION
IN AERICA
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