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Abstract

The Global Human Settlement Layer (GHSL) project produces new global spatial information, evidence-based
analytics and knowledge describing the human presence on Earth. It operates in a fully open and free data and
methods access policy. The knowledge generated with the GHSL is supporting the definition, the public
discussion and the implementation of European policies and the monitoring of international frameworks such
as the 2030 Development Agenda. The GHSL is the core data set of the Exposure Mapping Component under
the Copernicus Emergency Management Service. GHSL data continue to support the GEO Human Planet Initiative
that is committed to developing a new generation of measurements and information products providing new
scientific evidence and a comprehensive understanding of the human presence on the planet and that can
support global policy processes with agreed, actionable and goal-driven metrics.

This document describes the public release of the GHSL Data Package 2023 (GHS P2023). This release provides
improved built-up (including surface, volume and height) and population products as well as a new settlement
model and classification of administrative and territorial units according to the “Degree of Urbanisation”
framework.

Prior to cite this report, please access the updated version available at:
http://ghsl.jrc.ec.europa.eu/documents/GHSL Data Package 2023.pdf




1 Introduction

1.1 Overview

The Global Human Settlement Layer (GHSL) project produces global spatial information, evidence-based
analytics, and knowledge describing the human presence on the planet. The GHSL relies on the design and
implementation of spatial data processing technologies that allow automatic data analytics and information
extraction from large amounts of heterogeneous geospatial data including global, fine-scale satellite image
data streams, census data, and crowd sourced or volunteered geographic information sources.

This document accompanies the public release of the GHSL Data Package 2023 (GHS P2023) and describes its
contents.

Each product is named according to the following convention:
GHS-<name>_<spatial extent>_<release>

For example, a product name GHS-BUILT-V_GLOBE_R2023A indicates the built-up volume (BUILT-V) produced
globally in the release R2023A.

Each product can be made by one or more datasets and layers. A layer is named with a unique identifier
according to the following convention:

GHS_<name>_<Epoch>_<spatialExtent>_<release>_<projection>_<resolution>_<version>

For example, a layer name GHS_BUILT_V_E2030_GLOBE_R2023A_54009_100_V1_0 indicates the built-up
volume (GHS_BUILT_V) in the epoch 2030 (E2030), included in the release R2023A, in World Mollweide
projection (ESRI:54009) at 100m of spatial resolution, version 1.0.

The GHSL Data Package 2023 contains the following products:

GHS-BUILT-S R2023A - GHS built-up surface spatial raster dataset, derived from Sentinel-2 composite (2018)
and Landsat, multitemporal (1975-2030)

GHS-BUILT-H R2023A - GHS building height, derived from AW3D30, SRTM30, and Sentinel-2 composite (2018)

GHS-BUILT-V R2023A - GHS built-up volume spatial raster datasets derived from joint assessment of Sentinel-
2, Landsat, and global DEM data, for 1975-2030 (5 years interval)

GHS-BUILT-C R2023A - GHS Settlement Characteristics, derived from Sentinel-2 composite (2018) and other
GHS R2023A data

GHS-POP R2023A - GHS population spatial raster dataset multitemporal (1975-2030)

GHS-SMOD R2023A - GHS settlement layers, application of the Degree of Urbanisation methodology (stage 1)
to GHS-POP R2023A and GHS-BUILT-S R2023A, multitemporal (1975-2030)

GHS-DUC R2023A - GHS Degree of Urbanisation Classification, application of the Degree of Urbanisation
methodology (stage Il) to GADM 4.1 layer, multitemporal (1975-2030)

GHS-SDATA R2023A - GHS release R2023A supporting data
GHS-BUILT-LAUSTAT R2023A - GHS built-up surface statistics in European LAU, multitemporal (1975-2020)

! Global ADMinistrative boundaries layer: https://gadm.org/



1.2 Rationale

Open data and free access are core principles of the GHSL (Melchiorri et al., 2019). They are aligned with the
Directive on the re-use of public sector information (Directive 2003/98/EC2). The free and open access policy
facilitates the information sharing and collective knowledge building, thus contributing to a democratisation of
the information production.

The GHSL Data Package 2023 contains the new GHSL data produced at the European Commission Directorate
General Joint Research Centre in the Directorate for Space, Security and Migration in the Disaster Risk
Management Unit (E.1) in the period 2022-2023.

1.3 History and Versioning

Previous GHSL releases relied on the processing of Landsat imagery for producing the GHS-BUILT information
layer. The Landsat satellite platforms collect Earth observation data since the beginning of the civilian space
programs in the 1970s. In January 2008, Barbara Ryan, the Associate Director for Geography at the U.S.
Geological Survey (USGS), and Michael Freilich, NASA’s Director of the Earth Science Division, signed off a
Landsat Data Distribution Policy that made Landsat images free to the public. The USGS announced the free-
and-open data policy on April 21, 2008. The Global Land Survey (GLS) data sets were created as a collaboration
between NASA and the USGS from 2009 through 2011.% Each of these collections were created using the
primary Landsat sensor in use at the time for each collection epoch. Early global experiments on the GHS-BUILT
production by the European Commission’s Joint Research Centre (JRC) date back to 2014, using as input
GLS1975, GLS1990, GLS2000, and a collection of Landsat 8 imagery of the year 2014, autonomously selected
and downloaded by the JRC from the USGS portal. These data constitute the first set of data evidences used to
support the GHSL epochs 1975, 1990, 2000, and 2014 (Pesaresi, Ehrlich, et al,, 2016).

Copernicus, previously known as GMES (Global Monitoring for Environment and Security), is the European Union's
Earth observation programme. It relies as well on a free-and-open data access policy. Sentinel-1 is the first of
the Copernicus Programme satellite constellation using active radar sensor technology. The first satellite,
Sentinel-1A, was launched on 3 April 2014, and Sentinel-1B was launched on 25 April 2016. In December 2016
the JRC successfully completed the first experiment of Sentinel-1 global data processing in the frame of the
Global Human Settlement Layer (GHSL) project (Corbane et al, 2017). Sentinel-2 (S2) is an Earth observation
mission from the Copernicus Programme that systematically acquires optical imagery at high spatial resolution
(10 m to 60 m) over land and coastal waters. The launch of the first satellite, Sentinel-2A, occurred 23 June
2015. Sentinel-2B was launched on 7 March 2017. In 2018, the JRC produced the first Sentinel-2 cloud-free
global pixel based image composite from L1C data for the period 2017-2018 for public use, leveraging on the
Google Earth Engine platform (Corbane, Politis, et al., 2020). In October 2020, the JRC successfully completed
the first public release of global built-up areas assessment from these Sentinel-2, 10m-resolution Copernicus
imagery data (Corbane, Syrris, et al.,, 2020).

In 2016, the first public GHSL Data Package was released (GHS P2016). It consisted in several multi-temporal
and multi-resolution raster products, including built-up area spatial raster datasets (GHS-BUILT), population
spatial raster datasets (GHS-POP), a settlement model (GHS-SMOD) and selected quality spatial raster datasets.
The first GHS-BUILT product included in that release was generated from Landsat image data using the URBAN
class generated from MODIS 500m-resolution data as learmning set (Pesaresi, Ehrlich, et al,, 2016), (Schneider
et al,, 2010). The population spatial raster datasets (GHS_POP_GPW41MT_GLOBE_R2016A) were produced in
collaboration with Columbia University (New York City, USA), Center for International Earth Science Information
Network (CIESIN) in 2015. The GHS-SMOD spatial raster datasets (GHS_SMOD_POP_GLOBE_R2016A) present
an implementation of the Degree of Urbanization (DEGURBA)* model using as input the population grid cells
(European Commission & Statistical Office of the European Union, 2021) .

In 2018, the second version of the multi-temporal GHS-BUILT was released (GHS R2018), re-processing the
same Landsat images, but with an improved learning set obtained by the introduction of the built-up areas
collected from the classification of Sentinel-1 Synthetic-aperture radar (SAR) data at 20m-resolution (Corbane

2 http://eur-lex.europa.eu/legal-content/en/ALL/?uri=CELEX:32003L0098
3 https://www.usgs.gov/landsat-missions/global-land-survey-gls

“ https://ghsl.jrc.ec.europa.eu/degurba.php



et al, 2017). In the GHS P2019 release the GHS-POP and GHS-SMOD data derived from these improved GHS-
BUILT datasets were distributed.

In 2020, a new single-epoch GHS-BUILT dataset was released (GHS R2020) by processing of 10m-resolution
Sentinel-2 imagery data of year 2018 and by introducing as improvement of the learning set new data on
building footprints or human settlement delineation made available from open efforts of Microsoft and
Facebook on classification of VHR image data (Corbane, Syrris, et al., 2020).

In 2022, the JRC released GHS P2022, which builds upon the past experience and data with two main objectives:
A) augment the thematic contents of the built-up area information; and B) reconnect and rebuild the historical
information contained in the GHSL rooting on the historical Landsat imagery with the new, recent data coming
from the Sentinel mission at higher spatial resolution. Several innovative aspects are included in the new GHS-
BUILT of the GHS P2022.

After the publication of the GHS P2022 new independent data showed an anomaly in the performance of the
multi-temporal model that was not visible during the model development®. According to the JRC internal tests,
the anomaly was expected to introduce a positive bias in predicted change rates of built-up surfaces and built-
up volumes after the year 2000. The positive bias is especially remarkable in the rural domain as set by the
GHS-SMOD R2022A.

The new release GHS P2023 fixes the anomaly in the multi-temporal modelling mechanism and recalculates
the multi-temporal built-up surfaces, built-up volumes, population, and degree of urbanization spatial raster
datasets (SMOD) accordingly. Moreover, some other improvements are applied in the POP estimates and
downscaling mechanisms. The 10m-resolution products directly derived from the Sentinel-2 image composite
of the year 2018 remains substantially the same in the GHS P2023 as compared to the GHS P2022, with some
marginal improvements. The GHS-LAND product is not affected by the introduced changes and therefore it
remains as a R2022 dataset. Here below some of the key features of the GHS P2023:

1. sub-pixel built-up surface fraction estimates at 10m-resolution

2. aBoolean classification of the built-up surfaces in residential (RES) vs. non-residential (NRES) semantic
abstractions at 10m-resolution

average building height estimates at 100m-resolution

4. spatial-temporal interpolations of the built-up surface information at 100m-resolution and in equal
time (5-year) intervals from 1975 to 2030.

5. Population distribution at spatial resolution of 100m in 5-year intervals between 1975 and 2030.
6. allocation of population according to the presence of residential (RES) built-up volume

7. country total population time series aligned to the latest UN World Population Prospects 2022 (United
Nations, Department of Economic and Social Affairs, Population Division, 2022)

8. temporal population estimates anchored to the UN “urban agglomeration” population time series of
the latest UN World Urbanization Prospects 2018 (United Nations, Department of Economic and Social
Affairs, Population Division, 2018)

The settlement classification layer (GHS-SMOD) benefits from improvements in built-up surface and population
spatial raster datasets and is based on the specifications of the Degree of Urbanisation (stage I) framework
(European Commission & Statistical Office of the European Union, 2021).

This new GHS-SMOD layer and the new GHS-POP spatial raster datasets are used to update the GADM 4.1
Degree of Urbanisation Classification (GHS-DUC), the classification of territorial units according to the stage |l
of the Degree of Urbanisation framework (European Commission & Statistical Office of the European Union,
2021).

As in all previous releases, the GHS P2023 is available at the GHSL download portal
(https://ghsl.jrc.ec.europa.eu/download.php) and as GHSL collection in JRC Open Data Repository
(http://data.jrc.ec.europa.eu/collection/ghsl). The current data release contains the most up-to-date products and

5 https://ghsl.jrc.ec.europa.eu/p2022Release.php




datasets, and thus, data users should be aware that the quality of the GHS P2023 data exceeds the quality of
the estimates published in previous releases.

1.4 Main Characteristics

In order to facilitate data analytics - as it was done in previous issues - the release includes a set of multi-
resolution products created by aggregation of the main products. Additionally, the density spatial raster datasets
are produced in an equal-area projection using grid cells of 100 m and 1 km spatial resolution. For example,
the multi-temporal population spatial raster datasets were produced based on grid cells of 100 m spatial
resolution, and they were then aggregated to 1 km? Most of the datasets will be provided also in a warped
version to WGS84 coordinate system, at 3 arcsec and 30 arc sec resolutions.

The differences between the products in the previous GHS P2019 and those in the current GHS P2023 release
are substantial. They include new and more precise 10m-resolution sub-pixel fraction built-up surface
estimations, new semantics (i.e., residential vs. non-residential), building height estimates, and new seamless
interpolated spatial raster datasets at 100m-resolution with equal time intervals of 5 years from 1975 to 2030.

Moreover, an improved approach for the production of population spatial raster datasets was applied. Total
population time series by country are aligned to the latest UN World Population Prospects 2019 (United Nations,
Department of Economic and Social Affairs, Population Division, 2019). The local temporal population estimates
(i.e. at census polygon level) are derived using a new model that takes into account the UN ‘city’ population time
series of the latest UN World Urbanization Prospects 2018 (United Nations, Department of Economic and Social
Affairs, Population Division, 2018). Finally, the population distribution takes advantage of the residential (RES)
vs. non-residential (NRES) semantic abstractions by weighting the dasymetric population disaggregation
according to the presence of residential (RES) and non-residential (NRES) built-up volume.

The subsections of Section 2 introduce briefly each product (including more details on differences with the
corresponding past version). Dedicated reports are under preparation.

Terms of Use

The data in this data package are provided free-of-charge © European Union, 2023. Reuse is authorised,
provided the source is acknowledged. The reuse policy of the European Commission is implemented by a
Decision of 12 December 2011 (2011/833/EU). For any inquiry related to the use of these data please contact
the GHSL data producer team at the email address: JRC-GHSL-DATA®@ec.europa.eu

Disclaimer: The JRC data are provided "as is" and "as available" in conformity with the JRC Data Policy® and
the Commission Decision on reuse of Commission documents (2011/833/EU). Although the JRC guarantees its
best effort in assuring quality when publishing these data, it provides them without any warranty of any kind,
either express or implied, including, but not limited to, any implied warranty against infringement of third parties'
property rights, or merchantability, integration, satisfactory quality and fitness for a particular purpose. The JRC
has no obligation to provide technical support or remedies for the data. The JRC does not represent or warrant
that the data will be error free or uninterrupted, or that all non-conformities can or will be corrected, or that
any data are accurate or complete, or that they are of a satisfactory technical or scientific quality. The JRC or
as the case may be the European Commission shall not be held liable for any direct or indirect, incidental,
consequential or other damages, including but not limited to the loss of data, loss of profits, or any other
financial loss arising from the use of the JRC data, or inability to use them, even if the JRC is notified of the
possibility of such damages.

Prior to cite this report, please access the updated version available at:
http://ghsl.jrc.eceuropa.eu/documents/GHSL Data Package 2023.pdf

6 JRC Data Policy https://doi.org/10.2788/607378




2 Products

2.1 GHS-BUILT-S R2023A - GHS built-up surface spatial raster dataset, derived
from Sentinel-2 composite and Landsat, multi-temporal (1975-2030)

The GHS-BUILT-S spatial raster dataset depicts the distribution of the built-up (BU) surfaces estimates between
1975 and 2030 in 5 year intervals and two functional use components a) the total BU surface and b) the non-
residential (NRES) BU surface. The data is made by spatial-temporal interpolation of five observed collections
of multiple-sensor, multiple-platform satellite imageries: Landsat (MSS, TM, ETM sensor) data supports the
1975, 1990, 2000, and 2014 epochs, while a Sentinel-2 (52) image composite (GHS-composite-S2 R2020A)
supports the 2018 epoch.

The sub-pixel built-up fraction (BUFRAC) estimate at 10m resolution is produced from the 10m-resolution
Sentinel-2 image composite, using as learning set a composite of data from GHS-BUILT-S2 R2020A, Facebook
settlement delineation, Microsoft, and Open Street Map (OSM) building delineation. The inferential engine is a
multiple-quantization-minimal-support (MQMS) generalization of the symbolic machine learning (SML)
approach (Pesaresi, Syrris, et al., 2016). The SML for the classification of the Sentinel-2 data uses in input both
radiometric and multi-scale morphological image descriptors (Pesaresi, Corbane, et al., 2016), including
functional (i.e. RES, NRES) delineation of the built-up areas. In particular, the multiscale decomposition of the
image information it is supported by the characteristic-saliency-levelling (CSL) model (Pesaresi et al., 2012)
from generalization of the image segmentation based on the derivative of the morphological profile (DMP)
(Pesaresi & Benediktsson, 2001). The multi-scale CSL it is solved by using a computationally efficient approach
(Ouzounis et al,, 2012). The inference is computed in data tiles of 100x100 km size.

The non-residential (NRES) built-up surface domain is predicted from S2 data by observation of radiometric,
textural, and morphological features in a multi-faceted image processing framework merging global
unsupervised rule-based reasoning and inductive locally-adaptive methods leveraging on pixel-wise spectral
indexes, textural assessments, and object-oriented shape analysis. Textural analysis is performed by multi-
scale, anisotropic and rotation-invariant contrast measurements using increasing displacement vectors of the
co-occurrence matrix selecting the areas where contrast of large objects dominate the textural contrast
generated by smaller image structures (Gueguen et al,, 2012, Pesaresi et al., 2008). The connected component
(“object”) image analysis is solved by a segmentation of salient image structure based on the watershed of the
inverse of the saliency layer as defined in the “characteristics-saliency-levelling” CSL (Pesaresi et al,, 2012).

As in previous GHSL releases (Corbane et al., 2019; Pesaresi, Ehrlich, et al, 2016), the multi-temporal (MT)
process works stepwise from recent epochs to past epochs, deleting the BU information if the decision is
supported by empirical evidences from satellite data of the specific epoch. By definition, the process can only
decrease the amount of built-up surface going from recent to past epochs. In this release, a similar logic
generalized to the continuous prediction domain is applied within an object-oriented image processing
framework. Salient spatial units are delineated by the watershed of the inverse of the continuous BUFRAC
function at 10m resolution. This is done in order to increase the robustness of the change detected by the
system, vs. the changing sensor data geometry (origin of the grid, resolution, projection) of the supporting image
data in the various epochs. For each evaluated epoch and available Landsat scene, the probability @ that any
specific sensor sample (pixel or grid cell) can be associated to the foreground “built-up” (BU) vs. the background
“non-built-up” (NBU) information semantic is evaluated, by observing the statistical association between the
combinations of the quantized reflectance values and the training data. This inferential process is solved by
multiple-quantization-minimal-support (MQMS) generalization of the symbolic machine learning (SML)
approach (Pesaresi, Syrris, et al,, 2016). The semantic ® extracted at the pixel level of the different Landsat
scenes in arbitrary geometries is aggregated to the data segments using a surface-weighted average. The final
prediction on the amount of built-up surface change for each segment is solved by a multiple decision support
approach evaluating ensemble linear regression model predictions from the semantic association of @ to the
BU vs. NBU class abstraction hypothesis, stratified in different data domains characterized by different expected
sensor bias in discrimination of BU vs. NBU classes, that are cumulated and maximized from all the available
input satellite scenes in the various epochs. Finally, the predictions on built-up surface change are aggregated
by averaging at a uniform sample size of 100m grid cells and are used to build the final raster data.

In the intermediate epochs not covered by direct satellite observations, in areas not covered by satellite
imageries (i.e. satellite data gaps in the 1975 epoch), or in the future epochs 2025 and 2030, the BU prediction
it is solved by spatial-temporal interpolation or extrapolation based on a rank-optimal spatial allocation method.
This supporting spatial optimization function combines static and dynamical components: the static component



is determined by the observation of the empirical association between the occurrence of specific land form
combinations (slope, elevation, water) and the occurrence of human settlement development from remotely
sensed data. The dynamical component is based on the spatial dynamics of the BU surface in the observed
epochs, decomposed in a change (growth, or shrink) vs inertial (i.e. unchanged) BU dynamical field components.

2.1.1 Definitions

2.1.1.1 The building

Since the initial concept of the GHSL (Pesaresi et al., 2013) the adopted definition is the same as the INSPIRE
“building” abstraction (https://inspire.ec.europa.eu/id/document/tg/bu), limited to the above-ground case, and
without the “permanent” characterization of the built-up structures, allowing to be inclusive to temporary
settlements as associated to slums, rapid migratory patterns, or displaced people because of natural disasters
or crisis . “.. Buildings are constructions above (and/or underground) which are intended or used for the shelter
of humans, animals, things, the production of economic goods or the delivery of services and that refer to any
structure (permanently) constructed or erected on its site...” . In short, and taking in to account the remote-
sensing technology characteristics and limitations, the implicit GHSL abstraction of the “building” can be
summarized as: “any roofed structure erected above ground for any use”.

2.1.1.2 The built-up surface (BUSURF)

The built-up surface is the gross surface (including the thickness of the walls) bounded by the building wall
perimeter with a spatial generalization matching the 1:10K topographic map specifications, that it also
informally called “building footprint”.

2.1.1.3 The built-up fraction (BUFRAC)

The built-up fraction (BUFRAC) is the share of the raster sample (i.e. pixel or grid cell) surface that is covered
by the built-up surface.

2.1.1.4 The residential (RES) domain

The RES domain is defined as the built-up surface dedicated prevalently for residential use. The residential
use is defined as from INSPIRE: “..Areas used dominantly for housing of people. The forms of housing vary
significantly between, and through, residential areas. These areas include single family housing, multi-family
residential, or mobile homes in cities, towns and rural districts if they are not linked to primary production. It
permits high density land use and low density uses. This class also includes residential areas mixed with other
non-conflicting uses and other residential areas...”’

2.1.1.5 The “non-residential domain” (NRES)

The “non-residential domain” (NRES) is defined as the domain of the BUFRAC>0 complement of the RES domain.
This can be worded also as “any built-up surface not included in the RES class”. As a logical corollary of the fact
that in the RES domain definition also mixture with other not conflicting uses is allowed, the complement NRES
domain is characterized by uses not compatible with the human residence.

Examples:

Let assume a 100m resolution spatial raster dataset with a 100x100 = 10,000 square meters of surface per
spatial sample (pixel, or cell grid) of this spatial raster dataset. Moreover, let be the built-up surface predicted
at the sample X of this grid BUSURFx = 750 square meters.

The corresponding built-up fraction estimate will be : BUFRACx = 750/ 10,000 = 0.075

Let assume in the sample x of 100x100m resolution the total BUSURFx = 4380 square meters, while the NRES
BUSURFx = 850 square meters. Then the residential built-up surface RES BUSURFx can be predicted as RES
BUSURFx = 4380 - 850 = 3530 square meters.

7 https://inspire.ec.europa.eu/codelist/HILUCSValue/5 ResidentialUse




Figure 1 - Santiago de Chile: comparison of the built-up surfaces as assessed by the previous
GHS_BUILT_LDSMT_GLOBE_R2018A for the epoch 2014 from Landsat image data with a Boolean 30m-resolution
method (upper), vs the new GHS-BUILT-S_GLOBE_R2023A for the epoch 2018 from Sentinel-2 image data with a

continuous 10m-resolution method (lower).



Figure 2 - Mumbai-Pune (India): residential (RES) and non-residential (NRES) components of the built-surfaces estimated
for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta, respectively.
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Figure 3 - Shanghai-Changzhou (China): residential (RES) and non-residential (NRES) components of the built-surfaces
estimated for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta, respectively.



Figure 4 - Lagos-Porto Novo-Abeokuta (Nigeria): residential (RES) and non-residential (NRES) components of the built-
surfaces estimated for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta, respectively.
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Figure 5 - Sao Paulo- Campinas - Sao Jose dos Campos (Brazil): residential (RES) and non-residential (NRES) components
of the built-surfaces estimated for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta,
respectively.
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Figure 6 - Detroit-Lansing-Flint (United States): residential (RES) and non-residential (NRES) components of the built-
surfaces estimated for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta, respectively.

Figure 7 - The Hague - Rotterdam- Antwerp (The Netherlands): residential (RES) and non-residential (NRES) components of
the built-surfaces estimated for the GHSL 2020 epoch. RES and NRES are represented with blue and magenta,
respectively.
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2.1.2 Expected Errors

The estimation of the GHS-BUILT-S errors is currently ongoing, and will be delivered in peer-reviewed
publications targeting the different GHS-BUILT-S thematic aspects possibly in 2023-2024.

The ongoing error assessment it is solved by two complementary approaches a) comparing model predictions
with human visual inspection of the same imagery data input, and b) comparing model predictions with other
data of presumably higher accuracy after passing consistency and completeness checks. In the following, it is
adopted a pragmatic approach by considering synonyms “accuracy metrics” or “agreement metrics”, both
measuring the agreement between the reference data and the model predictions, in both (a) and (b) approaches.

2.1.2.1 Errors in the 2018 predictions

On the error assessment approach (a) a total of 1 million sample points it is under assessment for the four
Boolean classes listed below:

1. NBU_WATER : non built-up water surfaces
2. NBU_LAND: non built-up land surfaces

3. BU_RES: residential built-up surfaces

4. BU_NRES: non-residential built-up surfaces

A stratified uniform random sampling schema it is applied targeting an equalized number of samples for the
four considered classes, uniformly distributed across the whole global landmass with the exception of
Antarctica. Each random sample was visually inspected in three independent inspection campaigns (trials),
performed by nine distinct professional photo-interpreters that were randomly assigned to each sample
interpretation task. Each human labelling decision was accompanied by a high (H) vs. low (L) score of the
confidence in the label assignment.

The results summarized here are aggregated from the first tranche of 250,000 validation points, which were
available at the date of the report.

The class assignment from the different trials in each random sample is not necessarily the same, reflecting
possibly different opinions of the human interpreters on the same sample. These uncertainties can be solved
by two approaches: a) a voting schema and b) subsampling of the observations minimizing the human
disagreement domain. This subsampling is done by using a metric called the Joint Agreement High Confidence
(JAHQ), which is defined as the domain where all the three independent human interpretations provide the same
class answer, all of them with a high confidence score, so it represents the domain with the highest confidence
of the human interpretation results. Among the 250,000 considered points, 155,649 (62.26%) are JAHC points,
accordingly to the first tranche of 250,000 observed points discussed here. Observing the geographic
distribution, the JAHC share ranges from 57.1% to 70.1% of Europe and Oceania, respectively (Table 1).

Table 1 - Total and JAHC samples per Region, sorted by decreasing Joint Agreement High Confidence share of the human
interpretation of S2 data.

N Samples
Region N Samples (All) JAHC share
JAHC (*)
Oceania 13,542 9,505 70.19%
America 78,061 50,094 64.17%
Africa 38,779 24,596 63.43%
ALL 250,000 155,649 62.26%
Asia 71,279 43821 61.48%
Europe 48,339 27,633 57.17%

(*) Joint Agreement High Confidence (JAHC) samples
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Table 2 and Table 3 show the confusion matrix and the accuracy metrics for the 4-class classification scenario,
by solving the human uncertainty using the voting schema, and the subsampling to the JAHC universe,
respectively. In both cases, per-class Precision and Recall scores (also called Producer and User accuracy) are
summarized in the horizontal and vertical highlighted rows, respectively. The voting approach including both
High and Low confidence scores of the human labelling, yields an overall accuracy of 82.6% on the 250,000
reference points (Table 2), while the subsampling on the high confidence high agreement of the JAHC domain
yields an overall accuracy of 90.5% on the 155,649 reference points passing the agreement and confidence
tests (Table 3).

Table 4 shows the summary of the 4-class agreement metrics by sub-regions of the world® ordered by
decreasing accuracy scores, focusing the attention on the optimal JAHC human interpretation domain.
Significative positive accuracy extrema are collected in South East Asia (94.8%) and Melanesia (95.2%), while
the worst region is the Central Africa and Southern Africa, yielding an 86.4% and 83.8% accuracy, respectively.

Table 2 - Reference set by voting schema, any confidence level: confusion matrix and accuracy or agreement metrics

Label OBSERVED OBSERVED | OBSERVED | OBSERVED | Total Total Metrics
NBU_WATER | NBU_LAND | BU_RES BU_NRES predicted | predicted [%]
99.5% 56.8% 88.7% 83.3%

PREDICTED oreci
NBU_WATE 95.5% 52,323 2,401 1 43 54,768 21.9% O:QC'S' 82.1%
R
PREDICTED

0 0y 0y
NBU_LAND 98.6% 215 30,575 75 159 31,024 12.4% Recall | 862%
PREDICTED

73.3% 2 11,446 63,750 11,746 86,944 34.8% Accura | g5 gop

BU_RES cy
PREDICTED Specifi

0 0/ 0
BU. NRES 77.4% 31 9,389 8,037 59,807 77,264 30.9% oty 94.3%
Total
ota 52,571 53,811 71,863 71,755 250,000 Fl 82.5%
observed score
Total
observed 21.0% 21.5% 28.7% 28.7%
[%]

Table 3 - Reference set by subsampling in the JAHC domain: confusion matrix and accuracy or agreement metrics

Label OBSERVED OBSERVED | OBSERVED | OBSERVED | Total Total Metrics
NBU_WATER NBU_LAND | BU_RES BU_NRES predicted | predicted [%]
99.9% 73.5% 95.0% 91.9%

PREDICTED oreci
NBU_WATE 98.0% 47,873 994 0 0 48,867 31.4% O;QC'S' 90.1%
R
PREDICTED

0/ 0y 0
NBU_LAND 99.8% 60 28,439 5 0 28,504 183% Recall | 906%
PREDICTED

85.3% 0 3,344 34,761 2,633 40,738 26.2% Accura | g4 5o

BU_RES oy
PREDICTED Specifi

(o) 0y 0/
BU. NRES 79.3% 2 5,933 1,824 29,781 37,540 24.1% oty 97.0%
Total 47,935 38,710 36,590 32,414 155,649 Fl 89.6%
observed score
Total
observed 30.8% 24.9% 23.5% 20.8%
[%]

8 Sub-regions are drafted accordingly to the UN world population prospect 2022 definitions

(https://population.un.org/wpp/)
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Table 4 - Agreement metrics by sub-region in the JAHC domain, ordered by decreasing overall accuracy. Precision and
Recall are also called “Producer Accuracy” and “User Accuracy”, respectively.

Region Precision | Recall Overall Accuracy | Specificity | F1 Score | N Samples
Polynesia 91.9% 95.7% 98.0% 99.4% 93.5% 355
Micronesia 73.2% 70.5% 97.4% 99.2% 71.6% 352
Melanesia 88.5% 84.2% 95.2% 98.5% 85.6% 1653
South Eastern Asia 94.1% 93.9% 94.8% 98.3% 93.7% 10,794
Seven seas open ocean 74.2% 62.5% 94.8% 97.8% 66.9% 193
Western Europe 91.5% 96.1% 94.3% 98.2% 93.3% 2,270
Middle Africa 92.0% 85.3% 93.8% 97.9% 87.1% 5,527
Central America 92.3% 94.6% 937 98.0% 93.2% 4,514
Caribbean 92.2% 94.1% 93.7% 98.0% 9276 1,487
Australia and New Zealand 91.7% 91.7% 93.5% 97.9% 91.4% 6,952
Eastern Europe 92.4% 90.3% 92.8% 97.7% 90.7% 18,060
Eastern 90.2% 92.3