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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 ©  Large geographic scope
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 * High spatial resolution
main EO coordination bodies such as the Group on Earth (disaggregation)
Observation (GEO) and the United Nations Committee g
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 *  High | Nerberf | Tt rslation e Tergers ot
such as agricultural statistics, environmental statistics Teml?““' e = =
. . . ° reso U‘Hon LAMDSATT |1 [ 16 days T 15 s
and other socio-economic statistics. tsien - .
(frequent s
Updqfe) Terra 1 & d 16 dlarys
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®

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).

=N\

United Nations Commmittee of Experts on

Global Geospatial Information Management

;%' ¢ UNBig DataRegional Hub

E/C.20/2018/7/Add.1

Theme title: Land Cover and Land Use

Description
Land cover represents the physical and biological cover of the Earth’s surface. Land use is the current and future

planned management, and modification of the natural environment for different human purposes or economic
activities.

Why is this theme fundamental?

and Cover data is required, for example, for developing land management policy, understanding spatial patterns of

1odiversity and predicting effects of chimate change. It may also help to forecast other phenomena, such as erosion
or flooding. It 1s critical data in national assessments of biodiversity, conservation efforts, and water quality
fmonitoring.

The use of the land informs land management impacts, especially on changes in natural resources, agriculture,
conservation, and wrban developments. Land cover and land use affect the preenhouse gases entering and leaving the
atmosphere and provide opportunities to reduce climate change. It is required at a disaggregated level to allow local
fplanming to manage and monitor land use at land parcel level.

‘Which sustainable development goals (SDGs) will it help to meet?
The theme playsarolein SDGs 1,2.3,5,6,7,8 9,11, 12 13 14 and 15.

Geospatial data features in more detail

Land Cover mcludes artificial surfaces, agricultural areas, forest, senu-natural areas, wetlands and waterbodies etc.
Land Use in some ways describes the human activities and the consequences of such activities on the landscape.
Both Land Cover and Land Use are separated into different classes based on an agreed classification schema which 15

usually hierarchical The data can be represented either as polygons or as a raster. It may also be found as attributes
of a land parcel.

Possible sources of geospatial data

e (Classified Earth observation (EQ) data, potentially as a Data Cube;
e  National datasets relating to environmental information and land parcels; and,

¢ International organisations, Regional United Nations Centre, different levels of public authorities (in particular
municipalities) and the private sector.

Existing geospatial data standards

Note: This 1s indicative. Other lists of standards exist and UN-GGIM will seek to work with thematic experts to
develop a list of relevant data standards.

e ISO 19144-1:2009 — Geographic Information Classification system — Part 1 Classification system structure (last
reviewed in and confirmed in 2015);

e IS0 19144-2:2012 - Part 2 - Land Cover Meta Language (LCML) (there are limitations on this standard);

e ISO 19115:2003 Geographic information — Metadata; and,

« INSPIRE data specification on Land Cover and on Land Use |




LAND COVER AND LAND USE SUPPORT MANY SDGS

Land cover & change Land use Land ownership
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LAND COVER AND LAND USE SUPPORT MANY SDGS

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

l LC statistics LC trends
LCDB2021 class distribution (in hectares) o -
2017 2018 2019 2020 2021 2022 o oo " e
B | ] | -
LCC statistics SDG Reporting
I;:;:I(?:;Tr Change distribution 2017- 'I 5.4.2
B Guilt-Up 1/8 p U
200 0.8
Avutomatic production of annual national land cover map at i s
10m resolution. Source: EOSTAT Lesotho 2022. 2
0 —- o 2017 2013 2019 2020 2020 2021 2022
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CROP MAPS (LAND USE)

Crop maps inform on the use of the land
class “agriculture”. They
obtained by classifying EO data into crop
masks and into crop types maps informing

cover are

about the crops being cultivated during a
given agricultural season.

Applications of crop type maps:

1) Early estimates of crop statistics

2) Crop statistics disaggregation at field
level

3) Crop Yyield forecasting (coupled with
modeling)

4) Early Warning

5) Disaster impact assessments

6) Market analysis

:+'v.2UNBigData Regional Hub

Crop type map, EOSTAT Senegal 2018

Cropland Non cropland
hectares % hectares %
Country 4574698 23 15111467 77
Dakar 3140 6% 53488 94%
Diourbel 390382 80% 95664 20%
Fatick 349713 51% 335104 49%
Kédougou 4404 0% 1690633 100%
Kaffrine 1019187 90% 112242 10%
Kaolack 428419 79% 112312 21%
Kolda 157542 11% 1222859 89%
Louga 563763 23% 1902177 77%
Matam 447582 16% 2351109 84%
Sédhiou 50679 7% 684390 93%
Crop area indicator (ha)
Groundnut 1.510.958
Maize 484,534
Millet 2.077.798
Cowpea 210.070
Sorghum 192.582
:4'': $UNBig Data Regional Hub EO-STAT 3’53



FROM LAND COVER TO LAND USE TO CROP PRODUCTIVITY (YIELD)

502300 INational _________Jouayas ____llosRios ___Wanabi ____lloja

47602Mt +2.1%

34944Mt +0.4% 18117Mt $6.6%

12947Mt +1.8%

17464Mt £1.3%
21586Mt +1.6%

118127Mt £0.1%
37081Mt +8.4%

1st season Maize

Rice

Loja
1033Mt £4.9%

Guayas Los Rios Manabi
2522Mt £0% 25423Mt £0.7%  1318Mt £0.2%
51486Mt £0.7%  17248Mt 0.3%  1972Mt £0.4%

National
30296Mt +0.4%
77884Mt +9.6%

National

Crop Guayas Los Rios Manabi Loja

Maize

794Mt £1%

6740Mt +1.4%

Rice 27380Mt +4% 19207Mt £1.9%

»'» s UNBigData Regional Hub



INTEGRATING LAND USE AND FLOOD AND DROUGHT DATA
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Farmer Registry

* Faciliatates the process of registering
farmers and linking Farmer ID to the
specific parcels

Parcel boundary mapping mapping

e * Facilitates monitoring the impact of

subsidies

Crop statistics

* Early forecast of crop acreage and crop
yield

Smart Agriculture

* Real time monitoring of crop conditions

i~

Crop type mapping

e -

Crop yield mapping * Precision farming

DRR

* Forecast event

* Assessment of impacts
* Farmer insurance /compensation

Integrated forecasting and e ‘ |
mapping of droughts and floods .i*+:3UNBigDataRegional Hub for Africa EO-STAT &
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UN TASK TEAM ON EARTH OBSERVATIONS FOR

AGRICULTURAL STATISTICS (JOINT CEBD-CEAG)

A Task Team on Earth Observations for Agricultural Statistics was first created in 2014 (under
the Global Working Group on Big Data for Official Statistics established under the UN
Committee of Experts on Big Data (UNCEBD). In 2021 the team merged with the TT on EO fro
agricultural statistics established by the Committee of Experts on food security, AGriculture
and rural statistics (UN-CEAG)

Focus

* Develop use cases to demonstrate the use of EO data for official statistics
* Development of Methods for the use of optical and radar data for crop statistics

Technical reports
2017 “Satellite Imagery and Geospatial Data Task Team report”
2022 ‘Trusted Methods: Lessons Learned and Recommendations from Select Earth Observation

* Applications on Agriculture”
As of 2021, FAO is cochair of the TT, jointly with INEGI and WB

"2 $UNBig DataRegional Hub EO-STAT é‘g


UNGWG_Satellite_Task_Team_Report_WhiteCover.pdf
https://unstats.un.org/unsd/statcom/53rd-session/documents/BG-3s-3u-AgricultureAndBigData-E.pdf
https://unstats.un.org/unsd/statcom/53rd-session/documents/BG-3s-3u-AgricultureAndBigData-E.pdf

TASK TEAM COMPOSITION

3 Sub Task Teams Participation:
| * UN Big Data Regional Hubs

* NSO from countries globally

* UN Agencies (e.g. FAQ)

* 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 (Data4SDG,
GEOGLAM)

Data \ The participation to the TT has further expanded as a
Sharing "

result of the merge with the Task Team on the Use of
Earth Observations data for Agricultural Statistics
established under the UN-CEAG (Committee of Experts

i/ 3UNBig Data Regional Hub on food security, AGriculture and rural statistics
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TYPICAL CROP MAPPING WORKFLOW

Load region/samples Preprocessing Image classification

e Load crop library + Select number of samples //T\H.ﬁ
e Load AEZ for classification ses sen se

*  Load districts Cloud masking—S2 cloudless Agricultural season G0 o0 0o oo en e
Sensors S
Algorithm

dynamie time warping

v Il Ground mut

In Situ data collection/QaQc , Interpolation SN S m e

Maize

o Chaevay —y — Mgy

¥

ES X
¢ Linear interpolation Harmonic model

oK Cancel

Feature selection
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High demand for in-situ data and data scarcity

Crop type mapping

1000

900
* Limited availability of in-situ data of adequate quality in |
N

countries 800

* High dependency of supervised classification methods on 700
large amounts of in-situ data of adequate quality, while o0
this resourceis rare to find in countries

+ Low transferability of training data and models to different =00

agricultural epochs and to different countries 400

Sampled Areas (ha)

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

300

200
. . . 100
' Crop vield forecasting and Mapping I
0 — | — -
g & R S 0 P e P I N . T B R T« B S S §
. . . . & o & P O & S N B © & O @ T
» Traditional methods of yield estimation depend on crop S FEFE @ co“‘qe & TR L LTSSy
; , . S S &° 3 & & TS
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  Unpalanced sampling: oversampling of dominant crops and under sampling of
vegetation indexes derived from Satellite images have low

accuracy minor crops, resulting in low accuracy of maps



High demand for in-situ data and data scarcity

JECAM

Cro type main Joint Experiment for Crop Assessment and Monitoring EARTH OBSERVATIONS
.' _ TS 2
. - -

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 resourceis 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 vyield 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 vyields on
vegetation indexes derived from Satellite images have low
accuracy
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EOSTAT was launched by FAO in 2019 as the geospatial

branch of the Data Lab

Discover < Q

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 Related links

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

OMNLINE TOOL
Crop Mapper online
tool (Ecuador)

EQSTAT tool for estimating
crop yield for different crops
in Ecuador

Highlights

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...

both contribute to SDG monitoring

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:...

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

B Using Standardized Time Series
Land Cover Maps to Monitor the
SDG Indicator “Mountain Green
Cover Index” and Assess Its
Sensitivity to Vegetation Dynamics

External resources

& UN Global Working Group on
Big Data

& United Nations Committee of
Experts on Global Geospatial
Information Management (UN-
GGIM)

Contact

Lorenzo de Simone,
Project Lead

FAO, Digital Earth Africa and Frontier Sl's collaboration to enhance

Hand-in-Hand > the use of Earth observations in Africa

17/06/2022
United Nations Committee of
Experts on food security,
agricultural and rural statistics
(UN-CEAG) >

The Food and Agriculture Organization of the United Mations (FAO), Digital Earth
Africa and Frontier SI 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

Research articles

MAP STORY MAP STORY ONLINE TOOL

EO-STAT &

.:+'".JUNBigDataRegional Hub



How does EOSTAT support countries in practical terms?

* Establish a project team with nominated experts from NSOs and line Ministries
concerned with agricultural statistics
* Discuss and understand their expectations from Earth Observations
e Review current methods for the collection of field data and production of
official crop statistics. Adjustment of field survey protocols (AAS and Census)
* |dentify requirements
* Co-design of solutions and co-creation of tools, automation of routines
* Training
* Workshops
* On-the-job training
* Webinars

_.-"-"-I";'UNBig DataRegional Hub EO-STAT i%%



ZANYZANYZANVZANVZANVZANV/ZANY

RO,
YoY%
NNINL
\ONONOR s
NNINL
Yo%
NNINL v we we i




ZIMBABWE

WINTER WHEAT MAPPING

Zimbabwe Emergency Food Production Project (ZEFPP)

: : = Survey implemented 8 provinces
project funded by the African Development Bank

National partners = 11 enumerators nominated from AGRITEX
* Ministry of Agriculture " Lenovo androidiPad preloaded with ESRI Survey123
« ZIMSTAT
« ZINGZA
Land Cover Type Column Bar Pie Map i T “
50 T s '-‘\ &
< / Masrw:::a{r:(‘::\g‘ ..".;‘:. indura
00 619 ground truth collected Nl e e,
N ®  Mashonaland e g
300 a}\ g Z,MBA%@ A
z = @ovenda @3svingo .‘« ‘
100 o o‘mwij"
0 e - ' _ e _ — i
Agriculture  Forest Grassland  Shrubs Water Wetland  Bare Soll Urban Other

"2 $UNBig DataRegional Hub EO-STAT 3&9



Is this 8 Crop or Fallow

Observations in the field include: Crop
= Croptype, yieldand managementinformationis recorded

= Picture is taken Random Forest Simplified

Instance

Random V \
SR (. £ Ok K9 R

Tree-1 Tree-2 Tree-n

EO data was used to verify the con5|stency of the vegeta

a m

Inspector G TS SR F T 1
NDVL: ©. Lgale]: 0285 igs

gges) B Class-A Clalss-B Class-B

~Series: List (22

l Majority-Voting |

[\1 P\ Final-Class
0.75

0.25 ‘\J\/

A 2020 A 4 2021 A J 2022 A ) 2023 A J

_.-"o";'.,'-'UNBigDaIuRegionalHubfnr Africa EO-STAT &

Vaps Contributors,




WINTER WHEAT NATIONAL MAP 2023

Kalomo

atta Lyl g 202 ground truth data used
X A for accuracy assessment

Overall Accuracy = 86%

Maamba |

Kappa statistic= 0.9

WorldCereal local accuracy —
OA =78%
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a
3
0
=
=
o

Wheat
Water
Forest
Grasslan
d
Fallow

Wheat
Water
Built-up
Forest
Grasslan
d

wu

So0O0C O rOR®
=

*Espungabera =

=

Irdncmig Bare
" % \\‘ ok Fallow

) onotha ‘\ - 87 Nl gy Shrubs

'etlhakane . . WY e Col Sum 6

. 3 : / Prod
[ 1 Winter Crops — . : ; Acc 097
SelebilPhikwe ( / . 0A 0.86
[ Fallow
[ No Crop

Classification Data

wWooo o Oowo
moo®m o ownoo Bare

0
0
3
0
2
0
0
0
5

L ooOoO B NOoOoOR
P ONO ©® B OOOo
oOr VWO O OO0COO0

=

3

o
=
=

o
y
w
o
o
=]

Kappa 0.90

Femiaco

i+« .gUNBigDataRegional Hub for Africa




WINTER WHEAT NATIONAL MAP 2023

GOOg'e Earth Engine Q, Search places and datasets...

0 No Acepte

M 9 ~ v B Geometry Imports :
: : : : :

=

o ""f @
(J

’.:-'.".'"é'UNBigDuiuRegionul Hub for Afric EO'STA ‘




WINTER WHEAT NATIONAL MAP 2023

Map Satellite

v Classified image £ m

Traditional FCC

Layer 1

Keyboard shortcuts | Map data ©2023 Imagery ©2023 , CNI .,-'."l".‘-'UNBig Data Regional Hub for Africa EO-STAT \;&%



WINTER WHEAT WEB-GIS

EOSTAT Zimbabwe Winter Wheat and Fallow 2023

Zimbabwe
D

Zimbabwe_land_cover_WTL1
Cropland Zimbabwe 2023

Value

Winter crop

. Fallow

"2 $UNBig DataRegional Hub EO-STAT @%



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

FROM SCRIPTS TO A GRA
AUTOMAT

USE

H R
D UTIN

SNTERFACE AND

dUCl Docs Assets

~ Owner (13)
» users/ocsgeospatial/Afghanistan
» users/ocsgeospatial/Berea
» users/ocsgeospatial/cropmapper
~ users/ocsgeospatial/cropmapper_training
B dtw_SR js
I eostat_tool_Senegal js
I eostat_tool_Senegal_ADMIN.js
B filtering js

USER INPUT

Select a Library

-
v

Legend
Select an Agro-ecological Zone o Verified
Tropical dry forest = samples
o Unverified

Select a District
X Use also samples samples
Goromonzi 3 from other districts in

the same AEZ

Sentinel-2 Image

Select the Season and a Year 1

rainy_season o 2021 S

Search for samples

Select an existing sample or add a new point

Please wait.. %

ADD NEW SAMPLE

VALIDATE ALL

GO gle Earth Engine Q, Search places and datasets

Link e40f0cfa9bd5a4f2f5d9df4426a9a7c3

4

Filter scripts.. m (:)

Get Link vl . Run -I Reset v. Apps EI (LB 0T Console ER <3

3015 panel.add(updateLIBRARYpanel);
3016~  if (modified==1){

» Useprint(...) towrite to this console.

» FeatureCollection projects/ee-pchiwara/assets/ZIM ADM_2_Agroecologi.. 3son

3017 updateLIBRARYpanel.add(nicebar2);
3018 updateLIBRARYpanel.add(UpdatelLibraryPanel);
3019 panel.remove (finalACTIONpanel);
3020 }
3021 pointsDD.setPlaceholder( P vait..."); TIME RANGE
3022 // Evaluate whether an option from the drop-down menu was chosen. R — "
3023 ~ point_types.evaluate(function(imgTypesNames){ » ["2021-05-81","2821-11-61"]
3024 pointsDD.items().reset(imgTypesNames); .
3025 print('imgTypesNames',imgTypesNames); . .
3026 search4samples_button.setDisabled(false);//avoids clicking several times on search for samg time_intervals
3027 ~ if (imgTypesNames.length > 2){ ¥ »Llist (12 elements)
4

Sentinel-2 RGB, DOY 121 (1 May 2021)
Sentinel-2 RGB, DOY 131 (11 May 2021)
Sentinel-2 RGB, DOY 141 (21 May 2021)
Sentinel-2 RGB, DOY 152 (1 June 2021)
Sentinel-2 RGB, DOY 162 (11 June 2021)
Sentinel-2 RGB, DOY 172 (21 June 2021)
Sentinel-2 RGB, DOY 182 (1 July 2021)
Sentinel-2 RGB, DOY 192 (11 July 2021)
Sentinel-2 RGB, DOY 202 (21 July 2021)
Sentinel-2 RGB, DOY 213 (1 August 2021)
Sentinel-2 RGB, DOY 223 (11 August 2021)
Sentinel-2 RGB, DOY 233 (21 August 2021)
Sentinel-2 RGB, DOY 244 (1 September 2021)
Sentinel-2 RGB, DOY 254 (11 September 2021)
Sentinel-2 RGB, DOY 264 (21 September 2021)
Sentinel-2 RGB, DOY 274 (1 October 2021)
Sentinel-2 RGB, DOY 284 (11 October 2021)
Sentinel-2 RGB, DOY 294 (21 October 2021)

~

EOSTAT

JUNBigDataRegional Hub

(7 : | (A ee-ocsgeospatial r

i
» Collection asset

M_crop_library/signatures_2!

EO-STAT &



ZANYZANYZANVZANVZANVZANV/ZANY

RO,
YoY%
NNINL
A\ONONOR sueon
NNINL
Yo%
NNINL v we we i




SENEGAL

The project started In
2019, currently supported

National partners
DAPSA

* ANSD

o
aey

Data Source;
T 1 jUNBigDataRegional Hub EQO-STAT &



CROP MASK

Spatial resolution: 10m

Overall Accuracy: 96%

F-Score for crops: 97%

F-score for non-crops: 98%
Classification using Random Forest
Using Sentinel2 time series

EO-STAT &

B UCLouvain _:* '+ :
.-

Figure 3-11. Overview of the cropland mask (V1.0) at national scale (black = non cropland, white = cropland)



CROP TYPE MAP

— Cropland Mon cropland
hectares % hectares %%
Country 4574698 23 15111467 7
Dakar 3140 6% 53488 945
Diourbel 380382 80% 95664 20%
Fatick 349713 51% 335104 49%
Kédougou 4404 0% 1690633 100%
Kaffrine 1019187 0% 112242 10%
Kaolack 428419 79% 112312 21%
Kolda 157542 11% 1222859 &9%
Louga 563763 23% 1902177 7%
Matam 447582 16% 2351109 &4%
Sédhiou 50679 7% 684390 93%
Saint-Louls 65970 3% 1959737 a7%
Tambacounda 760424 18% 3525889 a2%
Thiés 330131 S0% 333853 s0%
Ziguinchor 3360 0% 732009 100%
~ — . e '
Crop area indicator (ha)
Groundnut 1.510.958
Maize 484.534
Millet 2.077.798
Cowpea 210.070
Sorghum 192 582

"2 $UNBig DataRegional Hub EO-STAT 3’%



VALIDATION OF RESULTS

Groundnut Maize Millet Cowpea Sorghum S::::

Groundnut 13172 289 233 178 79 184 93%

Maize 578 1110 284 0 136 162 49%

Millet 631 600 6282 87 193 88 B0%

Cowpea 329 19 81 1203 1 20 73%

Sorghum 106 651 162 0 590 42 38%
Other

crops 959 46 239 257 104 2076 56%

83% 41% 86% 70% 53% 81% 78%

%/ UNBig Data Regional Hub EO-STAT &



PILOT SURVEY IN NIORO DISTICT 2021

Field survey
S 48t -[ Noncrop Maize Millet Groundnut UA Contau(;r;aumOmmm,
en a Expressed in number of pixels 2
Sentinels for Agricultural Statistics -
L\ Non crop 90.15  20.49 19.85
oo i Maize 9551  17.34 4.49
= An optimized field survey protocol Qwﬁm;pe i
was implemented during the AAS e 8656 I
2021 in one district (NIORO) Groundnut 9227 | 2.52 7.73
leading to higher quaility in-situ PA 79.5 82.7 93.9 97.5
data, leading to high accuracy in o
crop type map

_.-‘-":'.é'UNBigDutuRegionulHub for Africa EO-STAT &



ADJUSTMENT OF SURVEY DESIGN E"jﬁﬁﬁ‘::ﬁ”&‘ﬁﬁ'}i 4

e

AND IMPLEMENTED IN THE AAS

PROTOCOL

" Recommendations  derived  from pilot  survey
implemented in the Nioro district during the AAS 2021:

= Geo-reference parcel boundary with GPS

=" Add an additional GPS point in the middle of the parcel
with the tablet and the Survey Solutions software

= GPS point in the crop-cutting plot

.+ $UNBig Data Regional Hub

EO-STAT &



EFFICIENCY FROM THE USE OF EO DATA

Standard error of estimators of
proportions ici
Crop tybe . EfflCl.ency of
: Field & satellite | satellite data
Field data only
data
337 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 encouraging results based on the analysis of the sampling variance of the estimators.

_:¥""2 UNBig Data Regional Hub for Africa EO-STAT &



CROP YIELD ESTIMATION

= FAO and the Ministry of Agriculture and the Bureau of Statistics collaborated on the use of

EO data to predict crop yield

= A regression model was used to regress crop yield data collected in the field with Leaf

Area Index (LAI) derived from Sentinel 2 data

= |n-situ data:

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

 Depending on the crop, the size of the
measurement square varies between 5 and
25 m?% In the first investigation, the yield
squares were considered georeferenced with
the field ID and measurement square in the

ODK application.

Figure 2: Location of ~

. JUNBigDataRegional Hub for Africa

EO-STAT &



= Poor

correlations

were found

between LAl and observed yield These
relations, neither at pixel nor field
level, did not allow training a vyield

model

providing

performance

satisfactory

RESULTS

Arachide - R=0.399 Mais - R=-0.331 Millet - R=-0.046
2
w
~N =
Q
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o
ﬁ
8 2 |
=] )
=
s 8
= ® =
S o
£ g s
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2 o . %o
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[ (9%40& & &
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maximum LAl obsenvé

= During technical discussion with experts, it emerged

properly
correlations

that

georeferenced,
between features and the measured vyields at pixel
level. As only one measure was taken by fields and due
to the field heterogeneity, 16 squares of measurement

measurement

explaining

squares

were
the weak

not

were not representative of the entire fields either.

LAl manamum

maxmum LA observe

main crops of Nioro

Mais - R=0.129

maximum LAl observe

e pixel associated to the measurement square, compared to measured yield for the three

Millet - R=-0.029
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EXPERIMENTAL SURVEY DESIGN

MALI — AREA FRAME =

>z
.
=

= based on a design independent from an official agricultural survey.

= Stratification based on cropping intensity (0% - 30% ; 30% - 60% ; - B
60% - 100%) based on the ESA WorldCover land cover map ,

= Random selection of 300 segments (500m X 600m) within the

different zones. " el
[~} Segement Cercle Dioila
o« e, e ] —+Rome §:
= Manual digitizing (on-screen) of homogenous crop block/parcel || Bekko :
using Google Earth /Bing imagery for each segment e

Massigui
C3 Limite cercle Dioila

= MapMe, used for the teams navigation (driving to the place of each =

Segm e nt) . Figure 21. Localization of the segments visited by the end of November 2022
7

= - ODK Collect, used to collect field data (answering a form about

Study partners: Université des Sciences Sociales et
crop type and crop aera);

de Gestion de Bamako), nominated experts by the
= _ Qfield, used to assess the crop block/parcel boundaries and to  nationalinstitutions(Institut d’Economie Rurale”
modify them when needed. (IER) from the “Ministere du DéveloppementRura

and the “Cellule de Planification et de Statistique”
(CPS)

_.-‘-":'.é'UNBigDutuRegionulHub for Africa EO-STAT &
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LAND COVER & LAND COVER CHANGE STATISTICS &SDG

In collaboration with the Bureau of Statisti~~ —— -—=~rational system has
standardized annual national land ce ~atic extracti
SDG 15.4.2 reporting

2017 2018

i
2023 GEO SDG ‘

100

% A

Avutomatic production of annual nationan .
10m resolution.

. remote sensing

fubey

HArticis

Operational Use of EO Data for National Land Cover Official
Statistics in Lesotho

Larenzo De Simone "2, Willlam Ouoellette * and Pletro Gennard !
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MODERNIZATION OF THE NATIONAL LAND COVER MAPPING

METHODOLOGY

Predicted class
Value Forest Grassland | Shrubland | Cropland | Wetland | Water Urban Bare User
B rorest Body Settlement Land Accuracy
Grassland 5
- e _ Tr | Forest 937 4 12 41 0 2 1 3 0.94
Wetland ; ; ; ue
B Waterbody " cla | Grassland 28 887 26 30 1 0 19 9 0.89
I urban y 2 s
Soreiand : : - , 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

Cropland Shrubland Ll Forest Water Body Urban Wetland Bareland > Ove ra I I AC C u ra C (0]
LandCoverClass
4@ v . §UNBig Data Regional Hub EO-STAT &
D AFRICA AT 1 igpara eglonu U W
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HIGH GENERALIZATION OF MODEL AND
LACK OF DETAIL IN THE LC MAP 2015

M Dense Forest

B Moderate Forest

[ Sparse Forest
Closed Grassland
Open Grassland

Closed Shrubland

I Open Shrubland
Perennial Cropland
Annual Cropland
Wetland

I Water Body

M Settlement

| Otherland

"‘ Digital Earth
”0 AFRICA .+ gUNBigDataRegional Hub for Africa EO-STAT



HIGH MODEL SPECIFICITY AND SENSITIVITY
HIGHER DETAIL IN LC MAP 2021

" igital Ea .
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FIELD BOUNDARY MAPPING

Monthly Planet Validation
Data preparation tiles crop fields
mosaicking chunking chunking = Rasterisation
Monthly Planet Validation
chunks chunks
Pre-trained weight
Model prediction ]
»  CNN model
Extent probability || Segmentation
Segmentation & parameter tuning
O T . Boundary probability ||  Predictions “ o
Validation
Distance to boundary | —
Field instances
Post-processing Trimming

Mosaickin
& Crop masking

Masked results

’0
’?.

Digital Earth

AFRICA +i"". UNBig Data Regional Hub for Africa EO'STAT &




FIELD BOUNDARY MAPPING

Crop boundaries delivered for
Rwanda (top row) and
Mozambique (bottom row).

Digital Earth
AFRICA

(c) _.-"-"-". JUNBigDataRegional Hub for Africa EO-STAT @’%




FIELD BOUNDARY VALIDATION

Predicted boundary
Planet RGB image probability

y & ™ X X\

: FT 00N
.!.lb.' :

7

U, o
L7

Ground-truth field boundary on Planet
image

Instance segmentation
segmentation result

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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PROJECT TEAM

Vivian Ondieki
EO datascientist

Lorenzo De Simone
Technical Advisor, Geospatial

Prof. Gilberto Camara

Former executive director of GEO
and INPE. Currently international
consultant for FAQO.

Muhammad Fahad Sophie Ditlecadet

EO data scientist Statistics
Communication Expert

Phibion Chiwara
Remote Sensing and GIS

Specialist
'l UCLouvain

MICHIGAN STATE
UNIVERSITY

Prof Bruno Basso
Profesor de la Universidad Estatal de Michigan

Sophie Bontemps
Researcher at University of Louvain

Fidel Maureira Sotomayor
Becario postdoctoral en la Universidad Estatal de
Michigan

Pierre Defourny
Professor at University of Louvain
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Reflection points for feedback from Members of AFCAS

1) To All: what is the relevance of the EOSTAT activities to your work and mission.

Example of EOSTAT activities
1) Adjusting and optimization of field survey design (e.g. AAS)
2) Crop type mapping and crop statistics (acreage and yield)
3) Land cover mapping and LC statistics
4) Crop plot boundaries mapping

2) To NSOs and concerned institutions: which challenges do you find in the use of EO data for land cover
mapping, SDG indicator monitoring and reporting, crop type mapping, crop acreage, and yield estimates? Can you
share your most pressing methodological and/or capacity development needs;

3) To Regional Organizations: how can we mobilize resources to support NSOs work in geospatial, how can we
collaborate more to ensure and strengthen harmonization and standardization of methods and EO based results.

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

_:"-";'.;'-'UNBigDutuRegionulHub for Africa EO-STAT \:%



THANKYOU

LORENZO.DESIMONE®@FAO.ORG
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