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Good Practice Protocol: Land"Cover and Change

Validation and Area estimation
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Committee on Earth Observation Satellites
Working Group on Calibration and Validation (9 @ @
Land Product Validation Subgroup T
Land Cover Focus Area Updating previous High-level Overarching goal:
CEOS LPV global community guidance Increase awareness
land cover validation for project planning and encourage
guidelines (2006) correct
implementation
Validation needs to be
Novel sources of planned. before map
reference data (airborne production Highlights complexity
lidar, high-frequency Jr d tant
Land Cover and Change Map Accuracy Assessment and tical and consian
char _ optical) Poi | development of
Area Estimation Good Practices Protocol oints to relevant lidati hod
NP publications and validation methods
Version 1.1 - 2025 Emerging issues in textbooks for detailed J
; ) ; : accuracy assessment methods . :
Authors: Alexandra Tyukavina', Stephen V. Stehman? Giles M. Foody®, Sophie el Identifies potential
Bontemps®, Linda See®, Pontus Olofsson®, Mandin-Erdene Tsendbazar’, Julien Radoux”, (operatlon_al updates, \l/ limitations and caveats
Anna Komarova', Bryant M._ Serre®, Xiao-Peng Song', Raphaél d’AndrimDntg,_Gerbrand c:ﬁé;:_il:)'me Provides an overview of of each method
Koren'?, Peter Potapov', Eric L. Bullock!, Petya Campbell'>'3, Sytze de Bruin, Pierre methods. not an end-to- J
Defourny?®, Mark A. FriedI', Steffen Fritz®, Matthew C. Hansen', Martin Herold™'5, Céline \L end manlual
Lamarche®, Myroslava Lesiv®, Landing Mané'®, Michele Meroni®, Jaime E. Nickeson'?7, Emphasizes no
Flavie Pelletier?, Amy H. Pickens', Johannes Reiche’, Dmitry Schepaschenko®, Katelyn FOCU.S on g||0ba||- to \l/ universal solution or
Tarrio™, Astrid Verhegghen®, Curtis E. Woodcock™, Xiangming Xiao'® Eg:‘:gﬁ;gﬁaf;;eii?:sps' Helps select appropriate single 'best practice’
Reviewers: Frédéric Achard’, Gilberto Camara®, René Colditz', Nicholas Cuba?, estimators \l,
Qiongyu Huang®, Fabrizio Niro®, Leandro Leal Parente®, George P. Petropoulos’, Anna \l’ \L 5 . f
Pustogvar®, Daniel Sousa®, Le Yu', Viviana Zalles™ Covers land cover class resses importance o
I Enables map users to transparent and
area estimation from standardized
reference samples evaluate reported accuracy -
and select maps documentation of
methodology
J
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L. Sampling Unit

— Population and
Sampling Frame

Sample Selection
Protocol

In case stratified and
— cluster sampling, extra
details

Sample Size
Planning

« Reference data uncertainty needs to be
minimized or incorporated in the estimates.

« The area of land cover class should be
estimated from the reference sample, not

Confusion Matrix

Overall Accuracy

Response Design

. . Class-Specific
Evaluation Protocol (data sources, interpret Accuracy Metrics

=l

training, expert vs crowdsourced

- Labeling Protocol Standard Errors

Classification Legend optional

- Geolocation Errors

Information recorded for each
Assessment Unit

derived via pixel counting.

|, Independence (blind Employed -
interpretation, different entity) Estimators
— Quality of Reference Area Estimates =
Data -
: Local Map Quality *
. Agreement with pl\ﬁetric)s’

All maps contain errors; their accuracy needs to be
assessed using an “independent reference sample”.

Unvalidated map = untested hypothesis

Accuracy assessment is a critical component that
requires serious investment.

The recommended approach is a probability-based
sampling design (i.e design-based inference).

Maps validated only at the global scale should be used
with caution for regional applications, as map accuracy
varies in space.
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Accuracy comparison at global and continental levels Lesa

Legend harmonization to 7 generic classes: water, trees, mixed vegetation, crop, built-area, bare W0r|dCOVBI‘ GLAD GLC

nd snow/ice

Global ¢ Global D
North America ¢ North America +
Africa ¢ Africa ¢
South America ¢ South America ¢
Asia ¢ Asia ¢
Eurasia Eurasia
Oceania Oceania
& ; Europe ¢ Europe ¢
EsA Worldcover  GLAD Ml oyamicworld 64 68 72 76 80 84 64 68 72 76 80 84
e e S o DynamicWorld ESRI LULC
2021 2020 2021 2021 (annual aggregate)
Validation data: matching map resolution and year Global . Global 0
* Aglobal validation dataset originally produced for the CGLS- North Amiﬂca 0. North Am?”fﬁa . ¢
. . Africa Africa
LC100; updated. for WorIdFover V.alll.datlon (2020/2021). South America R South America ’
* 21 Ksample units supporting statistical (design-based) Asia ¢ Asia 19
validation; applicable to maps with 10-100m resolution Eurasia Eurasia
* One-stage cluster estimator Oceania Oceania
& p— |t Europe ¢ Europe ¢
Remcitfemsf:ins::E':Z\:';szent H b - 64 68 72 76 80 84 64 68 72 76 80 84
Global Land Cover Maps’ Accuracy and Overall Accuracy (%) Overall Accuracy (%)

Comparative validation of recent 10m-
resolution global land cover maps

Applications Explained
T *  WorldCover, followed by GLAD GLC, showed the highest overall

Myke Koopmans °, Tanya Birch ¢, Sarah Carter 9, Steffen Fritz , Myroslava Lesiv , Elise Mazur ¢,
Amy Pickens f, Peter Potapov f, Fred Stolle 9, Alexandra Tyukavina f, Ruben Van De Kerchove 9, a CC U ra Cy.

Panpan Xu % Nandin-Erdene Tsendbazar © & &, Martin Herold ® ®, Sytze de Bruin ¢,

Daniele Zanaga 9

Showrmore v survons . GLAD GLC performed best in Europe, Eurasia, and Oceania, and
. Sarah Carter, Nandika sndbazar, Pa Xu, Martin Hei 1, | LAND COVER CHANGE MoMITORING | LinkedTn Twitter (X) Facebook 4
+ AddtoMendeley o share 33 Cite Fred Stole, Alexandra Tyukavina, Poter Potapor ——— WorldCover for the rest.

https://doi.org/10.1016/j.rse.2024.114316 2 Get rights and content 2
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County-level accuracy comparison — 47 countries

esa

Accuracy for countries where >100 PSUs are available.

WorldCover: country accuracy
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GLAD: country accuracy
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« Variation in accuracy highlights the need for map accuracy information at the scales at which

the maps are utilized.
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« Available sample size was key limitation for assessment for all countries.
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Local area and uncertainty -estimation to support Lesa

subnational applications: modél-b_ased approach

Model-based approach as a complementary tool for subnational applications
Forest area estimation at the regional scale.
The reference map (Szantoi et al 2020) was used to draw samples.

Using sampled data and spatial predictor: the Dynamic World forest probability as a predictor

DW probability Reference FNF SRS sample

g - ;'f{-'r,l

: g & r No Yes: forest probability

E ; a s Provides spatially explicit prediction and uncertainty estimates

T PR

4 "\:' & % “ “{

B [t Block kriging Posterior sampling for
i, R |

g uncertainty
B o @ T propagation

Szantoi, Z., Brink, A., Lupi, A.,, Mammone, C., and Jaffrain, G.: Key landscapes for conservation land cover and
change monitoring, thematic and validation datasets for sub-Saharan Africa, Earth Syst. Sci. Data, 12, 3001-3019
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Spatial prediction and block estimates and its

uncertainty

« Model prediction over 61 grid blocks (30 Grid level estimation
x30km). Proportion of instances where the
reference value is contained within the
- KED and INLA aligned well with the ground 95% prediction interval
reference. Yo
« Can be used for local map accuracy assessment. | —— L —
Rf n# 67 D n# 67 _ DWob n# 67 0.25 i f
: s | A = S
% D u é “:E-EI ;I | KED Sample-based
% 1 1 E .40 <00 o —.,4_ . e -
f . g : | 0 0.75 4'— e / —
KED n# 67 IK n# 67 INLA n# 67 ﬁ - '
% 3 % §_ 0.00 = i
E 0.6 E g 0.6 0.00 0.25 0.50 0.75 Wélgtimaﬂégﬂ 0.25 0.50 0.75 1.00
4 g ¢ B 24 « The model-based methods produced
: 2 g 2 g 02 higher PICP than the sample-based
g = 00 E — SR —— method (SRS). ,
OA =90.1% OA =85.4% OA= 89.5%
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Comparison of the area estimates: model and design Cesa

based methods

Forest Area Estimates as proportion

Block_IK Block_KED INLA_post_a Sample_based

- Compared to the reference, generally, the

model-based and sample-based methods + ‘f- * 4 *_
produced similar estimates. : . Areaesumazes
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« All model-based estimates generally have a =

H 15°S
smaller median SD than sample-based
Median: 0.199 Median: 0.197 Median: 0.203 Median: 0.23 Median: 0.19
estimates_ 290°E 295°E 300°E 305°E 310°E29.0°E 295°E 30.0°E 305°E 31.0°E29.0°E 295°E 300°E 305°E 31.0°E29.0°E 295 30.0°E 305°E 31.0°E200°E 295°E 300°E 305°E 310°E

SD of Forest Estimates as proportion

«  Block KED and INLA performed generally - - -
well. | ]
‘ » B h Absolute SD
I
* Further analysis is required to assess their e — i ' > s

general applicability.
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Conclusion

1. The community-endorsed guidelines recommend using statistically rigorous methods that
rely on independent, probability-sampled reference data.

2. Map comparison showed varied accuracy, particularly at the country level. There is a
need for map accuracy information at the scales at which the maps are utilized.

3. Model-based area estimation approaches produced spatially consistent regional
estimates compared to the sample-based method. Further investigation is needed to
assess their general usabillity.

4. Critical challenges remain for spatially and temporally detailed validation of LC maps.
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Home / |obs at Wag University h ¢ P in Vali s for Mear-Real-Time Land Cover Change Monitoring

Thank you

PhD in Validation Frameworks for Near-Real-
Time Land Cover Change Monitoring
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Application.CIosing date: 16;*{ May
Your job

Are you fascinated by the rapid evolution of Earth Observation (EQ) and eager to shape the next generation of validation

C t t " methads for near-real-time land change monitoring? Do you hold an MSc (or equivalent) in Remote Sensing,
O n a C " Geoinformation Science, Statistics, or a closely related discipline, and feel comfortable programming in Python/R? Are youa
critical thinker who can assess EO products, guestion their assumptions, limitations, and usability in operational contexts?

D r.. N a n d i ka Tse n d b a Za r. If 50, we have an exciting PhD opportunity for youl If 50, we have an exciting PhD opportunity for you!

Recent advancesin EQ, such as dense satellite time series, rapid data access, and machine learning, have enabled the detection

of detorestation, fires, floods, agricultural activities, and land cover transitions at sub-annual or near-real-time intervals.
nandin.tsendbazar@wur.nl

Howrever, validation methods for assessing the monitoring products have not developed at the same pace, creatinga gap
between what monitoring systems can produce and what policymakers and enforcement agencies can confidently use. The

current validation framewaorks were designed for annuzal or static products and fail to address several key areas:

# Time-evolving assessments: both predictions and reference data change ower time, requiring methods that account for E rld E

temporal misalignment.

# \ariable observation density: seasonal cloud cover, satellite revisit times, and sensor changes lead to inconsistent data

availability.
- | I I [ 1 | — - + I I H-= | I I I I | | # Referencedata uncertainty: besides temporal misalignment, geclocation errors, and unclear class definitions affect
— HE — == — [ | validation reliability.
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