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ABSTRACT  
The Global Human Settlement Layer (GHSL) project fosters an enhanced, 
public understanding of the human presence on Earth. A decade after its 
inception in the Digital Earth 2020 vision, GHSL is an established project 
of the European Commission’s Joint Research Centre and an integral part 
of the Copernicus Emergency Management Service. The 2023 GHSL 
edition, a result of rigorous research on Earth Observation data and 
population censuses, contributes significantly to understanding 
worldwide human settlements. It introduces new elements like 10-m- 
resolution, sub-pixel estimation of built-up surfaces, global building 
height and volume estimates, and a classification of residential and non- 
residential areas, improving population density grids. This paper 
evaluates the key components of the GHSL, including the Symbolic 
Machine Learning approach, using novel reference data. These data 
enable a comparative assessment of GHSL model predictions on the 
evolution of built-up surface, building heights, and resident population. 
Empirical evidence suggests that GHSL estimates are the most accurate in 
the public domain today, e.g. achieving an IoU of 0.98 for the water class, 
0.92 for the built-up class, and 0.8 for the non-residential class at 10 m 
resolution. At 100 m resolution, we find that the MAE of built-up surface 

ARTICLE HISTORY
Received 18 March 2024 
Accepted 5 August 2024  

KEYWORDS  
GHSL; geospatial XAI; built- 
up surface; population grids; 
degree of urbanization; 
building height; built-up 
volume; urban land use; 
settlement morphology; 
built typology; Sentinel-2; 
Copernicus

© 2024 European Union. Published by Informa UK Limited, trading as Taylor & Francis Group 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), 
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this 
article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent. 

CONTACT  Martino Pesaresi Martino.PESARESI@ec.europa.eu Directorate for Societal Resilience and Security, European 
Commission, Joint Research Centre (JRC), Ispra, Italy
*The views in the text are of the author only and do not represent the position of the EUIPO in the matter.

Supplemental data for this article can be accessed online at https://doi.org/10.1080/17538947.2024.2390454.
This article was originally published with errors, which have now been corrected in the online version. Please see Correction 

(http://dx.doi.org/10.1080/17538947.2024.2404284)

INTERNATIONAL JOURNAL OF DIGITAL EARTH 
2024, VOL. 17, NO. 1, 2390454 
https://doi.org/10.1080/17538947.2024.2390454

http://crossmark.crossref.org/dialog/?doi=10.1080/17538947.2024.2390454&domain=pdf&date_stamp=2024-09-12
http://orcid.org/0000-0003-0620-439X
http://orcid.org/0000-0003-3399-3400
http://orcid.org/0000-0001-6417-1587
http://orcid.org/0000-0003-2282-701X
http://orcid.org/0000-0002-1398-9095
http://orcid.org/0000-0002-4861-5915
http://orcid.org/0000-0002-8345-5400
http://orcid.org/0000-0002-2670-1302
http://orcid.org/0000-0002-4077-8250
http://orcid.org/0000-0001-7866-7401
http://orcid.org/0000-0002-5661-615X
http://orcid.org/0000-0003-1778-8909
http://orcid.org/0000-0001-9180-4853
http://orcid.org/0000-0003-1647-1950
http://orcid.org/0000-0003-1821-0420
http://orcid.org/0000-0002-3009-8868
http://orcid.org/0000-0002-2262-0580
http://orcid.org/0000-0001-8074-0022
http://orcid.org/0000-0002-3446-8301
http://creativecommons.org/licenses/by/4.0/
mailto:Martino.PESARESI@ec.europa.eu
https://doi.org/10.1080/17538947.2024.2390454
http://dx.doi.org/10.1080/17538947.2024.2404284
http://www.digitalearth-isde.org/
http://english.aircas.ac.cn/
http://www.tandfonline.com


estimates corresponds to 6% of the grid cell area, the MAE for the building 
height estimates is 2.27 m, and we find a total allocation accuracy of 83% for 
resident population. This paper consolidates the theoretical foundation of 
the GHSL and highlights its innovative features for transparent Artificial 
Intelligence, facilitating international decision-making processes.

1. Introduction

… The year is 2020. A global symbolic representation of the built environment is available and integrated in 
the DE. The global human settlement layer (GHSL) is a multi-scale volumetric information layer describing 
artificial spaces where people live, work and enjoy life …  (Craglia et al. 2012)

Human settlements, the epicenters of societal development, require innovative paradigms for 
comprehensive mapping. More than a decade after the ‘Digital Earth 2020’ vision (Craglia et al. 
2012) anticipated the GHSL concept, we present the 2023 GHSL edition, a result of combined 
Earth Observation (EO) and population-census data analysis, aiming to map global human 
settlements’ attributes (Figure 1). This manuscript reinforces the theoretical basis of the GHSL pro
cessing framework, highlights its innovative features, and summarizes key findings from the latest 
GHSL data release.

Section 2 consolidates the GHSL theoretical background, explaining unique methodological 
choices, such as the need for transparent AI in public decision-making. Section 3 overviews the 
data products, crucial for understanding novelty of the GHSL production. Section 4 details the 
materials and methods supporting the GHSL production. Section 5 presents the GHSL model 
predictions’ validation and comparative assessment. Currently, we are experiencing a unique 
momentum with numerous models developed for detecting human settlements from EO data 
(Table 5). The availability of a large amount of building footprint (BF) vector data allows for a 
fair comparison of these models’ performances (see section 5.1.2). It provides an opportunity to 
compare the GHSL model with other state-of-the-art realizations and evaluate the effectiveness 
of Symbolic Machine Learning (SML), extensively utilized by GHSL (Pesaresi et al. 2016a; 2016b).

Section 6 provides the most important thematic findings from the new GHSL data, including 
shared socio-economic pathways toward 2100. Finally, Section 7 makes explicit the main limit
ations of the GHSL, indicating the next steps for the research community for an improved assess
ment of global human settlements.

2. Theoretical background

The ‘Human Settlement’ (HS) abstraction adopted by GHSL is composed by two essential com
ponents: buildings and their inhabitants (see Table 1 – Definitions used in the manuscript). This 
is predicated by established geographical principles (Stone 1965), town and regional planning prac
tices (Doxiadis 1970), regional science (Isard 1949), and reinforced by recent theoretical advances 
on urban complex systems (Bettencourt 2021). Therefore, GHSL data expand well beyond a land 
cover product derived from EO. Figure 2 and Figure 3 show the anatomy of the main GHSL 
components in Paris (France) and Ho-Chi-Min city (Vietnam), respectively.

The GHSL involves free and open access to data, methods, and results as proposed by the FAIR 
Data Principles (Wilkinson et al. 2016) and the Group on Earth Observations (GEO) ‘full and open’ 
Data Sharing Principles1, formalized by the 2019/1024 EU directive.2 Additionally, GHSL is framed 
by the evidence-based output analytics and the full repeatability of the measures3 principles (National 
Institute for Standards and Technology 2007). These principles preclude the use of methods that 
require random iterative searches for inferential solutions, which are commonly employed in 
frameworks such as Random Forest, Support Vector Machine, and Artificial Neural Network, fre
quently used in remote sensing applications (Pesaresi 2018). The goal of GHSL is to provide fine- 
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scale, globally consistent measurements that focus on human settlements, essential for international 
comparability and to support public decision-making (Pesaresi 2018; Pesaresi et al. 2016b), which 
require simple and easily interpretable assumptions, thereby discouraging the use of over-parame
trized models (Bo 1976).

Furthermore, in line with the actionable metrics objectives (Mach et al. 2020), GHSL is designed 
as an integrated spatiotemporal information system, allowing for causal hypothesis testing across 
socio-environmental scopes (Gao et al. 2022). It is crucial to identify computationally simple 
model solutions that facilitate the multilateral democratization of information production and 
the principles of collective knowledge building (Pesaresi 2018). This is also key to promoting the 
environmental sustainability of Artificial Intelligence (AI) systems (van Wynsberghe 2021).

Human settlements challenge simple land cover classification; therefore, spatial information 
design should consider their physical properties and context complexity, moving away from the 
standard land use/land cover paradigm toward a modular multiple-abstraction approach (Pesaresi 
and Ehrlich 2009).

Figure 1. The multi-temporal global data products of the GHSL R2023A data suite (1975-2030). (a) GHS-BUILT-S: Total built-up 
surface, (b) GHS-BUILT-S-NRES: Surface of dominant non-residential use, (c) GHS-BUILT-V: Total building volume, (d) GHS-BUILT- 
V-NRES: Dominant non-residential building volume, (e) GHS-POP: residential population distribution, and (f) GHS-SMOD: 
Degree of urbanization settlement model. All data products (a) – (e) are available at a spatial resolution of 100 m, except (f) 
which is available at 1 km spatial resolution. In the visualizations shown here, all datasets were aggregated to blocks of 20 
km × 20 km.
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Coherently with the modular multiple-abstraction approach, the spatial information pro
vided by the GHSL is organized in three levels, hierarchically ordered from low to high 
abstraction (Figure 4) in a hierarchical multiple-abstraction meta-model (HAMM). This struc
ture is consistent with the Discrete Field of Image Descriptors (DFID) concept, which 
was introduced in the early GHSL definition (Pesaresi et al. 2013). Finally, the focus of 

Table 1. Definitions used in the manuscript.

Term Definition

Building ‘Any roofed structure erected above ground for any human use, including structures in slums, 
informal settlements, and refugees/IDP camps’ (Pesaresi et al. 2013) (European Commission. 
Joint Research Centre. 2023; Pesaresi et al. 2015a).19

Building height ‘The distance measured from the mean ground level to the mean height of the roof’ (Pesaresi 
et al. 2021).20

Built-up surface ‘The gross building surface (including the thickness of the walls) bounded by the building wall 
perimeter’ (European Commission. Joint Research Centre. 2023).

Built-up volume ‘The product of the gross built-up surface by the building height’.
Residential area ‘Area dedicated prevalently for residential use, including mixed with other non-conflicting 

uses’ (European Commission. Joint Research Centre. 2023).21

Non-residential area ‘Area dedicated exclusively to non-residential use’, as typically large industrial or commercial/ 
retail units, confined animal feeding, indoor farming, hangars, data centers, transportation 
(ports/airports facilities), large gov. administration or offices units, large sport / leisure indoor 
facilities, exclusive religious sites and similar (European Commission. Joint Research Centre. 
2023).

Place of residence ‘The place where a person normally spends the daily period of rest, regardless of temporary 
absences for purposes of recreation, holidays, visits to friends and relatives, business, medical 
treatment or religious pilgrimage’22,23,24 (Freire et al. 2016).

Urban, Suburban/Peri-urban, 
Rural area

‘A specific combination of resident population density or built fabric density and settlement 
population size observed at a definite spatial generalization scale’, according to the degree of 
urbanization (DEGURBA) methodology (Dijkstra et al. 2021).

Figure 2. Anatomy of the main GHSL components for the city of Paris, France.
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GHSL information is continuous quantitative, centered on the presence of buildings (built-up 
surface and building volume per spatial unit) and their inhabitants (number of residents per 
spatial unit).

Figure 3. Anatomy of the main GHSL components for the Ho Chi Min city, Vietnam.

Figure 4. The GHSL hierarchical multiple-abstraction meta-model (HAMM) for spatial information production.
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3. Information products: background

In this chapter we provide an overview of the principles behind the development of GHSL modules 
(Table 2).

3.1. Land vs. water surface

Water surface data is crucial for understanding ecosystem impacts, resource vulnerability, and 
hydro-geological hazards. The sub-pixel water surface fraction (fWATER) layer provides land vs. 
water surface fractions per 10 m resolution grid cell that is used in several other GHSL production 
modules (Figure 7). The automatic detection of built-up and water classes using 10 m resolution 
Sentinel-2 image input was demonstrated in 2016 (Pesaresi et al. 2016a) using SML. Today, only 
few global products predict water class from 10 m resolution Sentinel-2 image data, including 
ESA World Cover (Zanaga et al. 2021), ESRI Land Use Land Cover (Karra et al. 2021), and Dynamic 
World (Brown et al. 2022). However, none of these products predict continuous sub-pixel surface 
fractions of water and land. The fWATER module was first introduced in GHSL R2022 (Pesaresi 
and Politis 2022) applying SML.

3.2. Built-up surface

Since the late 1990s, mixture models have been utilized in remote sensing for precise land cover 
estimation (Ichoku and Karnieli 1996). These models reduce the dependency of surface estimates 
on sensor resolution, a key requirement for the quantitative approach of the GHSL. The EO-derived 
classification of the urban environment, with its fine scale and mix of materials4 (Small 2003), 
greatly benefits from these models. The first global attempt to produce sub-pixel built-up surface 
fraction (fBU) estimates was based on Φ semantic extracted from Landsat imagery and fuzzy 

Table 2. Acronym data table of the GHSL modules and products.

Module Description Product Epoch Link

BU-S MT Multi-temporal total built-up surface 
estimation

GHS-BUILT-S 
R2023

1975- 
2030

https://doi.org/10.2905/9F06F36F- 
4B11-47EC-ABB0-4F8B7B1D72EA

BU-S-NRES 
MT

Multi-temporal non-residential built-up 
surface estimation

GHS-BUILT-S- 
NRES R2023

1975- 
2030

https://doi.org/10.2905/9F06F36F- 
4B11-47EC-ABB0-4F8B7B1D72EA

BU-H Building height estimation GHS-BUILT-H 
R2023

2018 https://doi.org/10.2905/85005901- 
3A49-48DD-9D19-6261354F56FE

BU-V MT Multi-temporal built-up volume estimation GHS-BUILT-V 
R2023

1975- 
2030

https://doi.org/10.2905/AB2F107A- 
03CD-47A3-85E5-139D8EC63283

BU-V- 
NRES MT

Multi-temporal non-residential built-up 
volume estimation

GHS-BUILT-V- 
NRES R2023

1975- 
2030

https://doi.org/10.2905/AB2F107A- 
03CD-47A3-85E5-139D8EC63283

MSZ Morphological Settlement Zone delineation 
and inner classification

GHS-BUILT-MSZ 
R2023

2018 https://doi.org/10.2905/3C60DDF6- 
0586-4190-854B-F6AA0EDC2A30

FUN Residential vs. non-residential functional 
classification of the built domain

GHS-BUILT-FUN 
R2023

2018 https://doi.org/10.2905/3C60DDF6- 
0586-4190-854B-F6AA0EDC2A30

POP MT Multi-temporal resident population count 
estimation

GHS-POP R2023 1975- 
2030

https://doi.org/10.2905/2FF68A52- 
5B5B-4A22-8F40-C41DA8332CFE

SMOD MT Multi-temporal settlement typology 
classification

GHS-SMOD 
R2023

1975- 
2030

https://doi.org/10.2905/A0DF7A6F- 
49DE-46EA-9BDE-563437A6E2BA

DUC MT Multi-temporal classification of 
administrative units by Degree of 
Urbanization25

GHS-DUC R2023 1975- 
2030

https://doi.org/10.2905/DC0EB21D- 
472C-4F5A-8846-823C50836305

fWATER Sub-pixel permanent water surface fraction 
estimation

GHS-LAND 
R2022

2018 https://doi.org/10.2905/AB7AD451- 
5ED5-44A6-A4D0-9F7A4E848CEE

fBU Sub-pixel built-up surface fraction 
estimation

GHS-BUILT-S 
R2023 (E2018)

2018 https://doi.org/10.2905/9F06F36F- 
4B11-47EC-ABB0-4F8B7B1D72EA

BUTYPE Built-up typology classification N/A 2018 Introduced in this manuscript
MTUC Multi-temporal urban centers vector data 

base
N/A 1975- 

2030
Introduced in this manuscript
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logic (Pesaresi et al. 2016b). This model was abandoned owing to lack of reference data for global 
evaluation. Later research on processing Sentinel-2 composite imagery (Corbane et al. 2020a) led to 
an SML-driven prototype GHS-BUILT-P (2019) used as internal prototype, and a CNN-driven pro
duct, GHS-BUILT-P (2020) (Corbane et al. 2021), both expressing the built-up semantic in a prob
abilistic continuous approach. In 2020, research focused on obtaining fBU from filtering and 
rescaling of GHS-BUILT-P (2020) predictions. However, anomalies in the resulting data led to 
the rejection of this model. In 2021, a consolidated model was developed by improving the training 
data sampling schema of the GHS-BUILT-P (2019). The GHS-S R2023 is the first global dataset esti
mating continuous sub-pixel BU surface fraction, at a 10 m resolution (see Appendix section C). 
The fBU technical specifics demonstrated in the GHSL R2023, are part of the exposure mapping 
component into the Copernicus Emergency Management Service (CEMS) (Melchiorri and 
Kemper 2023).

3.3. Residential vs. non-residential built-up class

Regional analysis and planning require the categorization of human settlements into functional 
areas such as residential (RES) and non-residential (NRES). This classification is vital for various 
domains, and it is also instrumental in modeling spatially explicit resident population density, 
which can be further differentiated into night-time vs. day-time population density for a more accu
rate disaster exposure assessment (Freire 2010).

Despite the huge benefits of classifying built-up areas into residential and non-residential cat
egories, there is no comprehensive and publicly available global dataset. To date, the available infor
mation layers focus solely on assessing a single abstraction class for built-up areas; whereas built-up 
areas functional mapping projects are either locally focused or use hybrid human – and machine- 
driven data classification procedures.5 This limits the possibility of scaling these projects to produce 
globally consistent information products. The first framework for a global delineation of commer
cial areas was addressed in early GHSL work (Pesaresi et al. 2016b), but it was later abandoned due 
to insufficient data to support a global validation. The application of SML for discriminating NRES 
built-up areas was demonstrated on a Europe-wide EO data classification exercise (Corbane et al. 
2020b). The limiting factor of this approach at the global scale was the incompleteness and 
geographical bias of the available land use information. The new approach developed for the 
GHSL R2023 overcame these limitations by alternating deductive and inductive automatic infer
ence, leading to the augmentation of the available training set (see Appendix section D).

3.4. Height of buildings

Global building height estimates are crucial for population disaggregation, detection of overcrowd
ing and affordability, construction volume and cost, disaster risk reduction, and monitoring pro
gress towards Sustainable Development Goals.

The initial GHSL R2016 pioneered the concept of spatially explicit estimation of vertical com
ponents of built-up areas at a sub-kilometre scale, achieved through direct filtering of global 
DEM data (Pesaresi et al. 2016b). This approach was later enhanced by applying multiple linear 
regression to the filtered DEM data (Goch et al. 2023; Pesaresi et al. 2021). Currently, there are sev
eral globally available options. These include direct filtering of Tandem-X data (Esch et al. 2022), 
filtering of Alos3D DEM at a 30 m resolution (He et al. 2023), and direct filtering of Sentinel-1 
radar imagery at a 20 m resolution (Li et al. 2022; Zhou et al. 2022).

In the GHSL R2023, we calculated the average height of the buildings at a resolution of 100 m for 
the year 2018. This was achieved by application of a robust ensemble modeling approach, introdu
cing a multiple-objective, univariate linear regression mechanism and an update mechanism based 
on locally-adaptive linear regression from filtered Sentinel-2 image composite for building shadow 
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marker detection. The GHS-H R2023 is the first global building height layer derived through the 
integration of DEM with Sentinel-2 (see Appendix, section D).

3.5. Multi-temporal dynamics of built-up surfaces and volumes

GHSL (Pesaresi et al. 2016b) pioneered the classification of global, multi-temporal built-up areas by 
utilizing decametric-resolution satellite imagery. This was achieved with a static learning set derived 
from 500 m resolution MODIS data, which led the way in describing urban land use on a global 
scale (Schneider, Friedl, and Potere 2010). This was enabled by two innovations: the inter-scale 
learning classification paradigm (Gueguen and Pesaresi 2014) and SML (Pesaresi, Syrris, and 
Julea 2015; 2016a), facilitating cost-effective, robust classification of global, high-resolution EO 
data. Recent advances have allowed the production of multi-temporal built-up land cover layers 
from Landsat data. All these layers measure change in terms of categorical land cover counts, 
dependent on sensor resolution.6 In 2021, the first GHSL MT prototype merged Landsat and 
Sentinel data, following a similar logic to previous GHSL releases R2016, R2019 and supporting 
the public release R2022. However, this unsupervised binary change mechanism overestimated 
change rates in rural areas due to the increased sensitivity to scattered settlements of the new 
Sentinel sensor. This led to a new model (Pesaresi et al. 2024), resulting in the GHS-BUILT-S 
R2023 and GHS-BUILT-V R2023 releases. The GHSL R2023 introduces two innovations: continu
ous surface change prediction7 through SML-based linear regression ensemble, and integration of 
Landsat data with Sentinel-2 EO data at 10 m resolution. GHSL R2023 is the first instance of a 
multi-platform and multi-temporal dataset, combining Landsat and Copernicus data (see Appendix 
section F). The integration of population census data enables to estimate human population distri
bution over the whole time series (Figure 5).

Figure 5. Assessing urbanization through the lens of the GHSL. (a) Examples of the 100 m GHS-BUILT-S R2023 multitemporal 
built-up surface estimates for characterizing urban growth, shown for a global sample of metropolitan areas, depicting high-den
sity areas (i.e. > 10% built-up surface) in 1975 and in 2020. Each map covers 40 km × 40 km and is shown in the local UTM pro
jection. Cities are arranged in an approximate geographic space, i.e. upper left = Northwest, lower right = Southeast; Right part: 
Example of GHS-POP R2023 at 100 m resolution for Bangkok (Thailand) (b) in 1975 and (c) extrapolated to 2030.
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3.6. Inner morphological characteristics of human settlements

Surface, height and volume of buildings are essential features in urban analysis to understand urban 
forms (Oliveira 2019) associated with population density, urban expansion/densification trajec
tories (Angel et al. 2021; Angel and Lamson-Hall 2020), and urban Local Climate Zones (Angel 
et al. 2021; Angel and Lamson-Hall 2020; Bechtel et al. 2018; Conzen 1960; Kropf 2018; Oliveira 
2019; Salat 2011). Urban morphology significantly influences the Urban Heat Island phenomenon 
and enhances Earth system modeling (Balsamo et al. 2018; Huang et al. 2017; Ratti, Baker, and 
Steemers 2005) with implications for air pollution dispersion (Ratti et al. 2002), building energy 
consumption, solar potential assessment, construction costs, and vulnerability to natural hazards. 
Despite its importance, global data on urban morphology is scarce. GHSL first introduced an exper
imental inner taxonomy of human settlements as ‘built-up areas characteristics’ (Pesaresi et al. 
2016b), and later, the Morphological Settlement Zone (MSZ) (Pesaresi and Politis 2023a). This 
manuscript introduces the ‘Built Typology’ (BUTYPE) taxonomy. Both MSZ and BUTYPE empiri
cally support Conzen’s ‘morphotope’8 notion at the 10 m resolution and 100 m resolution levels of 
the GHSL (Figure 6).

Figure 6. GHSL taxonomies at 10 and 100 m resolution. The Morphological Settlement Zones (MSZ) at 10 m resolution of 
(a) Dallas / Fort Worth (USA) and (b) Lagos (Nigeria), with enlargements of the same cities in (c) and (d), correspondingly. 
The Built-up Typology (BUTYPE) at 100 m resolution for (e) Dallas / Fort Worth and (f) Lagos. The BUTYPE is also shown in 
the regions of (g) Beijing (China), and (h) Budapest (Hungary).
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3.6.1. The morphological settlement zone
The Morphological Settlement Zone (MSZ) provides a qualitative representation of the character
istics of human settlements and is defined at the most detailed level of the GHSL HAMM (Figure 4). 
This level corresponds to the highest spatial resolution (10 m) allowed by the current EO sensors 
supporting the GHSL. The primary aim of this representation is to facilitate the visual inspection of 
the GHSL integrated data at 10 m resolution. The MSZ taxonomy was constructed using a hierarch
ical symbolic methodology, where the size of symbols does not directly correspond to the area rep
resented by the underlying spatial variables, but it is influenced by a hierarchical semantic 
significance and a collection of spatial generalization rules.

3.6.2. The built typology
The Built Typology (BUTYPE) purpose is to stratify the GHSL information at the intermediate level 
of the HAMM (Figure 4), where the key components of the GHSL are integrated to generate added 
value. BUTYPE is designed to answer queries about built-up areas. It provides data on built up sur
face and volume as well as on building type, the average population, the average density or floor area 
per person, and the spatial distribution of building types, such as proximity to city centers.

3.7. The population distribution

The POP MT module aims to create a fine-scale, global population distribution representation for 
policymaking by integrating official statistics with Earth Observation (EO) information. It aligns 
with the UN World Population Prospects 2022 estimates (United Nations, Department of Economic 
and Social Affairs, Population Division 2022), enabling both temporal and international 
comparisons. The GHSL R2016 initially introduced fine-scale, multi-temporal population grids, 
utilizing the same inferential engine for downscaling census data since its inception. This approach 
is based on linear dasymetric mapping, which is proportional to predicted built-up intensity. Prior to 
2022, GHSL releases relied on total built-up surface for population downscaling. However, the R2023 
releases introduced residential built-up volume as a predictor, thereby focusing the model on night- 
time population presence, aligning with the definition of ‘place of residence’ (Table 1).

3.8. The settlement model and the degree of urbanization

The GHSL Settlement Model (SMOD) and the GHSL Degree of Urbanization Classification (DUC) 
are global, multi-temporal implementations of the Degree of Urbanization (DEGURBA), a popu
lation-based geospatial classification method of the urban-rural continuum (Dijkstra et al. 2021; Euro
pean Commission. Statistical Office of the European Union. 2021). Introduced by the European 
Commission and refined by multiple international organizations9, DEGURBA was endorsed by the 
UN Statistical Commission for classifying settlements beyond the traditional urban-rural dichotomy 
(UN. Statistical Commission (UNSC) 2020, paras. i-j). This harmonization overcomes biases from 
heterogeneous national definitions, aiding in monitoring national policies. The modular HAMM 
design of GHSL (Pesaresi et al. 2013; 2015a; Pesaresi and Ehrlich 2009) ensures information gathering 
at lower abstraction levels remains independent from the top-level class abstraction definition (Figure 
4). This facilitates discussions of alternative urban-rural definitions among stakeholders based on an 
agreed spatial and thematic baseline to enable an internationally accepted methodology.

4. Information products: materials and methods

4.1. General overview

Figure 7 illustrates the GHSL R2023 information production workflow. The techniques employed 
to generate the GHSL information adhere to the principles outlined in the theoretical background 
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(Section 2) and include: multi-scale morphological and textural filtering, SML, univariate multiple- 
objective linear regression, univariate linear dasymetric mapping, and ensemble modeling. Notably, 
most of the information extracted from EO data in the GHSL, apply SML to discover a static set of 
associative rules, linking data with semantics. This contrasts with the current approaches that dom
inate the EO data field (Boden 2008), such as Artificial Neural Networks and random-iterative over- 
parametric inferential solutions.

It is worth noting that from the beginning, the GHSL was designed as a self- 
evolutionary information production system, achieved through the introduction of multi-scale 
learning and classification (Gueguen and Pesaresi 2014), coupled with SML (Pesaresi, Syrris, and 
Julea 2015; 2016a). The GHSL system enhances its predictions by learning from approximate seman
tic solutions that are available prior to adding new data (Figure 8).

4.1.1. Symbolic machine learning
Symbolic Machine Learning (SML) is a novel supervised classification framework designed to 
address big geo-spatial data challenges (Corbane et al. 2017; Pesaresi et al. 2015a; Pesaresi et al. 
2016a; 2016b). It operates on two primary processes: (i) input image data reduction and sequencing, 
and (ii) association analysis. In the sequencing phase, the input data is transformed into a series of 
symbols (called data sequences), creating a compact and multidimensional sparse representation. 
The association analysis phase then constructs rules that link these data sequences with a high- 
abstraction information layer, also referred to as the reference set, training set or supervisory signal.

The term ‘symbolic’ in SML refers to the representation of input data as a finite set of symbols, 
forming the alphabet of sequences. The concept of machine learning is used in its general sense, 
referring to the ability of computers to learn without explicit programming.

SML shares similarities with data analytics tools used in other fields, such as genetic association 
techniques in bioinformatics. These techniques are used to discover significant associations 
between different genes or between environmental factors and gene expression. Similarly, the 

Figure 7. General workflow of the GHSL production. The primary input data are emphasized in grey, while the pre-existing 
knowledge prior to the process is depicted in green. The initial intermediate products are indicated in light blue, and the ultimate 
output products, also known as ‘production modules’, are represented in dark blue.
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SML association classifier seeks to find meaningful, systematic relationships between sequenced 
image data instances and supervisory (spatial) information encoded in selected reference sets 
(Pesaresi et al. 2015a).

The use of SML to produce GHSL layers allowed for a gradual refinement of thematic infor
mation, from the initial MODIS binary data at 500 m resolution available in 2010, to the current 
Sentinel-2-derived continuous prediction of BU surfaces at 10 m resolution.

SML is favored in the GHSL information production for several reasons: 

. It uses a frequentist statistical approach, which is parameter-free and can efficiently handle large 
amounts of noise in the training data set (up to 50%) (Pesaresi, Syrris, and Julea 2015);

. It discovers a finite set of explicit static rules linking data with class abstraction, making classifi
cation criteria explicit and facilitating human inspection and discussion of results (Pesaresi, 
Syrris and Julea 2016b);

. It is computationally low-cost, facilitating the democratization of information production and 
classification, minimizing the need for model transfer (Pesaresi, Syrris and Julea 2016b).

In subsequent sections, the ‘semantic Ф’ measures the association between a combination of quan
tized EO data (a ‘data sequence’) and a given semantic, such as BU or Non-BU (NBU) classes. We 
adopt a generalization of SML to multiple quantization. In multiple-quantization SML, a hierarchical 
pyramid of inferences is created by iteratively applying single quantization SML to a list of quantiza
tion parameters. The inferential pyramid is scanned from bottom to top (small to large quantization 
parameters), and the first SML inference with a given minimal empirical support is selected. Two 
basic parameters govern the classifier function: the vector of quantization parameters Ql and the 
minimal support MinSupp, set as Ql = 2[0..6] = [1, 2, 4, 8, 16, 32, 64] and MinSupp  = 10, 
respectively. To ensure the repeatability of the measurements, they are kept constant across all 
image data and all semantics processed in the study. The two parameters were determined based 

Figure 8. Self-evolutionary GHSL information production system. Santiago de Chile, satellite image (Microsoft ™ Bing © 2024, 
Earthstar Geographics), MODIS-derived prior knowledge available before the GHSL, the Landsat-derived GHSL BU information 
generated by using MODIS as SML learning set, and the Sentinel-2-derived information using the Landsat GHSL (R2016 
R2019) as SML learning set.
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on computational efficiency considerations for the available 64-bit computational machines, and 
empirical considerations regarding the necessary generalization for the given classification tasks.

4.2. Information from 10 m resolution sentinel-2 data

In this section, we outline the methods used to extract information directly from the 10 m resol
ution imagery captured by the Sentinel-2 satellite sensor using a data-reduced image composite 
of nominal year 2018 input (Corbane and Politis 2020), referred to as ‘S2CMP’. This represents 
the bottom level of GHSL HAMM for spatial information production (Figure 4). Specifically, the 
following information extraction modules are active: (i) fWATER (continuous), (ii) NRES (categ
orical), and (iii) sub-pixel built-up surface fraction, denoted as fBU (continuous).

4.2.1. Land vs. water surface fraction
Figures 9–11 present the fWATER data in comparison to the available priors before processing and 
the workflow employed to obtain fWATER respectively Figure 11.

Figure 9. Illustrating the production of fWATER for the region south of Wuhan, west of the Yangtze River, China. (a) Prior infor
mation about water presence from the GSW at 30 m resolution as extracted from Landsat data classification, which supports the 
SML classification of Sentinel-2 data as train set, (b) Sentinel-2 composite imagery, (c) fWATER, the output of the SML classifi
cation of 10 m resolution Sentinel-2 imagery. Note the presence of thin fish farm structures that are identified by the SML in 
the data, despite them largely contradicting the available training set.
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The combination of quantized reflectance in the S2CMP, DEM-derived slope, and density of 
built-up surface were associated with the presence of water surface using the SML classifier. The 
reflectance of water surfaces is similar to shadows in EO images; thus, the DEM slope and the 
built-up density inputs were included in the SML to allow the model to discover different associ
ative rules in the presence of shadows cast by buildings or mountains. Inputs of the process are 
the S2CMP, the fBU, and the Copernicus DEM GLO-90 (European Space Agency and Airbus 
2022). The fBU module, produced at 10 m resolution, was generalized with a local average filter 
expressing the density of built-up surface in a kernel of 100 × 100 m. The DEM was used to generate 
a gridded slope dataset calculated as morphological gradient sx = dx  1x, with dx, 1x representing 
the grey-scale morphological dilation and erosion (Serra 1982), respectively, of the x DEM data. The 
SML classifier was applied in a geographically–adaptive approach, learning the associative rules in 
the data for each 100 × 100 km data tile.

The training set was derived by augmentation and refinement of the available priors supported 
by unsupervised classification of the S2CMP data. A 30 m resolution water mask was extracted from 
Global Surface Water (GSW) layer (Pekel et al. 2016) applying a cut-off value of water occurrence of 

Figure 10. Alternative water data products derived from Sentinel-2 Images for the Region South of Wuhan, West of the Yangtze 
River, China. (a) ‘water’ class as per the ESA WORLD COVER classification, (b) ‘water’ class according to the DYNAMICWORLD 10 m 
resolution classification, (c) fWATER provided by the SML classification, using the same Sentinel-2 data as in Figure 9 (b).
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50%. The 30 m resolution water mask was further refined by intersecting it with a water presence 
index (S2w) derived from S2CMP data as Wr = GSW . 50 > S2w . 1. S2w is the ratio between 
the RGB luminance, and the near-infrared (NIR) signal recorded in the Sentinel-2 composite: 
S2w = max(S2red, S2green , S2blue)/S2NIR. Water presence in the image sample induces larger 
absorption (lower reflection) in the NIR signal reported by the S2CMP. The refined water mask 
was used to augment the water surfaces as obtained from querying OSM vector data for coastline 
and stream networks: Wa = WOSM < Wr. The Wa was used as training set for the SML classifier, 
in each data tile of 100 × 100 km, and the water surface fraction fWATER was obtained by linear 
rescaling the Ф semantic in the interval [−1, 1] to the interval [0, 1]. Thus, it is assumed that the 
water surface fraction is linearly proportional to the semantic Φ associating S2CMP data with 
the Wa Boolean priors. S2CMP data gaps (e.g. in Antarctica, or extreme Northern latitude, or 
residual gaps in the Sentinel-2 image data tiles) were filled by injecting the Wa priors to achieve 
a seamless and complete global data baseline. Visual comparative examples of fWATER are gener
ated for the Venice Lagoon and Yangtze River regions in the Appendix, specifically in sections L.1.1 
and L.1.2, respectively.

4.2.2. Built-up surface fraction
Figure 12 illustrates the applied workflow to produce fBU based on SML applied to S2CMP. The 
Union Of the Positive Prediction (UOPP) was derived from the available thematic products, includ
ing the GHS-BUILT-P (2020) probability (Corbane et al. 2021) and the GHS-BUILT R2019, with 
the objective of maximizing the sensitivity towards the presence of built-up structures while miti
gating the problems related to data gaps and under-detection of large industrial buildings and dense 
urban patterns in the CNN-derived GHS-BUILT-P (2020) that were noticed during the model 
development (see Appendix section C). The training samples for SML were generated by merging 
the UOPP with categorical layers. These layers were extracted from the NRES model prediction (A) 
and from the direct filtering of S2CMP data. Textural filtering was used to detect the hyper-dense 
BU-S domain (B), which is characterized by open spaces of size 1-2 m, that are significantly smaller 

Figure 11. Workflow of the method applied to produce the water-land permanent surface fraction.
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than the 10-meter resolution of the S2CMP sensor. Thus degrading the capacity to infer built-up 
surface from the image structural characteristics. To differentiate between the foreground and back
ground hypothesis (C), an alternating open/close morphological filtering technique was used. 
Lastly, a random equalized sampling scheme was implemented. This ensured the collection of an 
equal number of negative examples in the vicinity of positive examples. More details in the Appen
dix C: ‘Built-up surface fraction (fBU)’. Sampling in the spatial vicinity of the opposite class and 
selecting samples of equal size are central criteria for the sampling design to ensure that the SML 
model can approximate the sub-pixel surface fraction of the BU class. The image-derived features 
used as inputs in the SML model (see Appendix section C.5): four radiometric channels of the Sen
tinel-2 image composite10, plus four multi-scale morphological transforms of the Sentinel-2 image 
composite11 (Maragos and Pessoa 1999; Salembier and Serra 1995; Soille and Pesaresi 2002). These 
properties enable precise prediction of the built-up surfaces in the image, avoiding blurring effects 
often observed when applying linear convolution filtering, the prevalent method in CNN appli
cations (Ghanbari et al. 2021). Finally, the continuous Φ semantic extracted by SML was subject 
to post-processing (SF) including rescaling/standardization, and fusion with the semantic fore
ground vs. background domains as detected by direct image filtering (C). SF was evaluated through 
a geographically-adaptive approach across 100 × 100 km data tiles. In this step, several parameter 
options were tested on a reduced set of vector building footprints available during the model devel
opment. The best parameter set was selected based on minimization of the RMSE and applied to the 
whole data Figure 8 illustrates the enhancement in the built-up information, as evaluated by the 
newly released GHS-BUILT-S R2023 data. This improvement is compared with the previous 
R2019 release and the information available prior to the production of GHSL. Visual comparative 
examples of fBU are generated in the Appendix section L.2, titled ‘On the fBU Model,’ for the fol
lowing cases: rural Africa, Kenya (L.2.1), Khora Colony in Noida, India (L.2.2), and the Zaatari refu
gee camp in Jordan (L.2.3).

4.2.3. Residential vs. non-residential class
The method developed for the FUN module (Figure 13), solves the issues of scarcity, incomplete
ness, and geographical bias present in land use data employed for training. This was achieved 
through two steps: 1. the available NRES priors were augmented using heuristic rules derived 
from images, implementing a deductive inference step; 2. the enhanced NRES data was then utilized 
as a training set for the SML classification, through an inductive inference step. The process was 
carried out for each 100 × 100 km data tile, allowing the adaptive detection and formalization of 
local rules, linking image data with the NRES semantics (see Appendix section D.1). Multi-scale 
textural image features were extracted by applying the PANTEX textural contrast measure (Pesaresi, 

Figure 12. Workflow of the 10 m resolution sub-pixel built-up surface fraction model.
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Gerhardinger, and Kayitakire 2008), using different displacement vector distances. The heuristic 
rules supporting NRES zones were evaluated at the generalization kernels of 100 m size in a 
fuzzy multi-criteria approach. They include the following criteria: (i) high density of built-up sur
face, (ii) low response of PANTEX corner detector (Gueguen, Soille, and Pesaresi 2012), (iii) unba
lanced response of PANTEX toward larger displacement vectors. The heuristic rules supporting 
NRES buildings were evaluated at the level of image segments in an object-oriented processing 
framework. They included the following fuzzy multi-criteria approach: be dominated by built-up 
surface, high shape compactness, minimal roof size (inscribable diameter disk) of 50 m, and 
high reflectance in all the RGB bands or a dominant blue component.12

The low-level segmentation of the Sentinel-2 image was carried out by a novel method based on 
the well-known watershed segmentation (Beucher and Meyer 2018; Meyer 1994), here applied to 
the inverse of the saliency layer in the ‘characteristic-saliency-levelling’ (CSL) model (Pesaresi, 
Ouzounis, and Gueguen 2012). This solution allowed to solve the problem of low-level image seg
mentation using a hierarchical optimized approach, based on the saliency of image-connected- 
components at different scales (Figure 14).

The candidate zone and buildings determined by Sentinel-2 data unsupervised classification 
were merged with the filtered priors and are used in the SML as a training set to generate NRES 
classification at 10 m resolution by applying the semantic ΦNRES > 0 decision. The input image 
features were the radiometric reflectance in the RGB, and near-infrared bands, augmented by 
the multiscale morphological decomposition of the luminance in the scales from 10 to 100 m 
using the DMP (Pesaresi and Benediktsson 2001). The samples where BU-S > 0 and do not belong 
to NRES are classified as RES. The result of the FUN module was the 10 m resolution GHS-BUILT- 
FUN R2023 grid, which classifies the built-up domain into residential and non-residential (see 
Appendix section D).

4.3. 100 m resolution, multiple-source integrated information

In this section, we describe the methods used to construct the GHSL information by integrating 
various sources: imagery from multiple satellite platforms (such as Sentinel and Landsat), 
EO-derived information like Digital Elevation Models (DEM), and population count data from 
census. This represents the intermediate level of the GHSL hierarchical meta-model for spatial 
information production (Figure 4). Specifically, we generate the 5-year-interval multi-temporal 
components from historical series of Landsat imagery (BU-S MT, BU-S-NRES MT), the building 
heights (BU-H), and the derived volumetric prediction (BU-V MT and BU-V-NRES MT), which 
are also projected in the multi-temporal (MT) domain. Lastly, we produce the multi-temporal 
population grids (POP MT) by downscaling and re-allocating data derived from census surveys.

Figure 13. Methodology for the NRES production.
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4.3.1. Building height
Figure 15 shows the workflow of the BUH module as a general multiple-objective ensemble model 
design. The main input data are two public global DEMs at 1 arcsec spatial resolution and the S2 
image composite at 10 m resolution. The two DEMs are: optical-based Advanced Land Observing 
Satellite World 3D (AW3D30) (Tadono et al. 2014) and the radar-based Shuttle Radar Topography 
Mission (SRTM30) (Rabus et al. 2003). The reference years are 2000 for SRTM30, 2006-2011 for 
AW3D30, and 2018 for the S2CMP. Additionally, predictions of independent GHSL modules for 
the year 2018: fBU, fWATER, multi-temporal built-up surface changes 1975-2020 (BU-S MT), 
were used in various parts of the ensemble model.

The adopted solution for building height estimation leverages on the analytical relations between 
the Average of the Net Building Height (ANBH), the Average of the Gross Building Height 
(AGBH), the total building volume (BUVOL), and the fBU, as introduced in Pesaresi et al. 
(2021), and was organized in four parts. First, we predicted ANBHDEM, AGBHDEM and BUVOLDEM 
with independent univariate regression models, built using a specific composite of morphological 
features extracted from the DEM data. The selection of the best morphological filter as predictor 
and the univariate regression coefficients were estimated based on experiments in six cities: 
Hong Kong, London, New York, San Francisco, Sao Paulo, and Toronto (Pesaresi et al. 2021). 
These parameters were kept constant at the global scale. Second, using the built-up surface pre
dicted from the independent fBU, we reduced the simultaneous predictions of ANBHDEM, 
AGBHDEM and BUVOLDEM by maximizing the single ANBH prediction, valid for the year 2010 
(ANBH 2010) corresponding to the DEM source date.

Figure 14. Illustrating the production of the NRES non-residential data. (a) sentinel-2 image composite, (b) derived multi-scale 
morphological decomposition of luminance by the CSL model, and (c) extracted non-residential built-up areas for a region south 
of Milan, Italy. The ‘characteristic’ and ‘saliency’ parts of the CSL response are mapped to the ‘Hue’ and ‘Intensity, respectively, of 
the HIS color space for visualization purposes. Note that the NRES areas are a combination of image connected components with 
specific morphological characteristics.
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Third, shadow markers used to predict the ANBH valid for the year 2018 (ANBH 2018) were 
extracted from the Sentinel-2 composite using radiometric and morphological filtering under the 
assumptions that shadows (i) are darker than the surrounding image connected components 
(thus detected by morphological area closing top hat), (ii) have high reflectance in the blue spectral 
range, relative to the luminance (Hollstein et al. 2016), and (iii) fWATER = 0 (Figure 16). The 
ANBH 2018 was estimated by linear regression: the coefficients were estimated locally in data 
tiles of 100 × 100 km, using the ANBH 2010 prediction as learning set, in the data domain con
sidered stable after 2010, as derived from the BU-S MT module. The local estimation of regression 
coefficients allowed adjustment for the different illumination conditions at different latitudes, 
locally establishing associations between the size of the shadows and the height of the buildings. 
The above steps were employed at a spatial resolution of 250 m. Finally, the ANBH 2010 and 
the ANBH 2018 were fused by maximization and resampled to the 100 m grid, consistent with 
GHS-BUILT-H R2023 using lanczos2 interpolation method (Lanczos 1988). The maximization 
of the ANBH predictions as described above was carried out under the assumption of dominant 
negative bias in the ANBH predictions – an effect of using the low-resolution estimators from 
available input data (Goch et al. 2023; Pesaresi et al. 2021). A visual comparative example of 
urban expansion in Maoming city, China, post-2010, characterized by the emergence of high-rise 
buildings, is presented in the Appendix section L.3, titled ‘On the ANBH model’.

Details of the methods used for ANBH production are described in the Appendix section E 
‘Building height (BUH)’.

4.3.2. Multi-temporal built-up surfaces and volumes
The Multi-Temporal (MT) inferential engine of the GHSL framework it is made by two key 
components, namely MT_A, ‘observation and interpolation’, and MT_B, ‘future extrapolation’.

MT_A is designed to predict a temporal persistence factor bt of built-up surface with respect to 
the temporal endpoint, nominally BUt

S = bt · BUt=2020
S . bt is predicted for each temporal point ‘t’ 

of the GHSL at a 100 m spatial resolution. This prediction is based on the observation of the seman
tic Φ, extracted by SML from historical satellite images at various spatial resolutions (30, 80 m) and 
summarized at the same 100 m.

At the 100 m sample, the built-up volume BUt
V is assumed to change proportionally to the 

observed change in bt : BUt
V = bt · BUt=2020

V . The underlying assumption is that the Average Net 

Figure 15. Schematic diagram of building height estimation.
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Building Height (ANBH) in the 100 m sample remains constant over time. The logic applied to total 
built-up surface and volume was also applied to the non-residential component of built-up surface 
and volume. In this case, the assumption was that the share of RES vs NRES class in the 100 m 
sample remains constant over time.

MT_B was designed for directly predicting BUt
S and BUt

V for the near-future t = {2025, 2030}, 
independently for the built-up residential and non-residential components. The solution includes 
spatial rank-optimization and spatial pattern generative techniques to select the most probable 
samples to change state in the future by observation of past trends at the spatial grid level (100 
m resolution) and at the processing data tile level (100 × 100 km) (Pesaresi et al. 2024).

The first GHSL MT_A internal prototype was developed in 2021 and designed as an unsuper
vised binary classifier, similar to previous bt-based decision of BU switch-off was executed for 
all samples where ΦNBU > ΦBU, implying that the hypothesis that the sample belongs to the 
non-built-up background has more empirical support than the decision to maintain it in the 
built-up class. This prototype led to the GHSL R2022 release. Subsequent tests against independent 
data showed that this unsupervised mechanism generated an overestimate of change rates in scat
tered rural areas where the new Sentinel sensor was providing more thematic sensitivity compared 

Figure 16. Illustrating the production of the GHSL building height information, show for a region in the north of Beijing, China. 
(a) sentinel-2 image composite, (b) shadow markers extracted from Sentinel-2 data, and (c) ANBH predicted at 100 m resolution.

20 M. PESARESI ET AL.



to the historical Landsat sensors. This shortcoming led to a new model development that resulted in 
the GHS-BUILT-S R2023 and GHS-BUILT-V R2023 releases.

The new BU-S MT model introduces two important innovations: (i) the continuous surface 
change prediction bt and (ii) the integration of the Copernicus EO data at 10 m resolution in 
the information production system, facilitating gap filling, continuity, and repeatability of the pro
posed approach. The core of the method is an object-oriented image processing framework that 
implements a stratified multiple decision support approach to evaluate an ensemble of univariate 
linear regression predictions (Pesaresi et al. 2024). Those predictions are based on SML Φ semantics 
that are used to test the BU vs. NBU hypothesis and maximized along the time domain defined by 
the various satellite images collected since the 1975. The multiple-scene maximization of the Φ 
semantic allowed to minimize the influence of non-stationary noise in the image from cloud and 
other atmospheric noise/obstructions preventing the need of any other upstream cloud detector 
model and related parameters. The adopted design contributes to the robustness and stability of 
the proposed model, capable of handling scarce and spatially and temporally varying multiple-sen
sor input data. The resulting 100 m resolution spatial grids GHS-BUILT-S R2023, GHS-BUILT-V 
R2023 represent an unprecedented, continuous estimation of built-up surfaces and volumes 
between 1975 and 2030, in 5-year intervals, also distinguishing non-residential functional uses 
(GHS-BUILT-S-NRES R2023, GHS-BUILT-V-NRES R2023). The process for the new GHSL 
R2023 multi-temporal (MT) model development including extrapolation to 2025 and 2030 is 
described in (Pesaresi et al. 2024) and is summarized in the Appendix section F.

4.3.3. Multi-temporal population distribution grids
The GHS-POP R2023 are a spatial–temporal refinements of the geospatial population data orig
inally collected and harmonized by CIESIN/SEDAC to produce the Gridded Population of the 
World layer, version 4.11 (GPWv4.11) (Center For International Earth Science Information 
Network - CIESIN - Columbia University 2018). CIESIN census data were used to estimate popu
lation time series by refining the population estimate model and revised through a set of control 
procedures. The resulting grids were assessed against official census gridded data (1 km) to compare 
the performance with previous GHS-POP products and other available global population products 
(see section 5.10).

The population time series estimates are based on census data and growth rates from the 
GPWv4.11. They incorporate multi-temporal information at country and city levels of the UN 
World Population Prospect (UN WPP 2022) and UN World Urbanization Prospect (UN WUP 
2018) respectively, to improve local population hind cast. The model developed mitigates biases 
due to extreme or volatile growth rates by converging to the upper administrative level by 1950 
and 2030, and to the WPP 2022 country growth rate in 100 years from census dates. The estimates 
were uniformly rescaled to match the total population at local ‘city’ level from the WUP 2018 and at 
country level from the WPP 2022. Local rescales were made by estimating WUP 2018 ‘city’ bound
aries from provided and revised point locations. The model merged adjacent administrative units to 
match the total population of the ‘city’ in the available census year (Schiavina, Melchiorri, and 
Freire 2023). The units within the estimated ‘city’ boundaries were rescaled according to WUP 
2018 population figures, while all other units were rescaled to align the total country population 
with those reported in the WPP 2022. The estimated city boundaries matching WUP 2018 were 
released in the GHS P2023 data package. The performance of this approach was tested against avail
able reference data (see Appendix section K.10).

Prior to downscaling, controls were enhanced to utilize EO information from GHSL (Freire et al. 
2020). Census units’ coastlines were adjusted to align with mapped built-up areas, and ‘unpopu
lated’ units were reassessed, leading to corrections in 269 units across 31 countries. This involved 
visual inspection of significant built-up surfaces in 2020 and, if residential built-up was confirmed, 
an automated method adjusted polygon geometry based on geographical proximity. The GHS-POP 
R2023 grids were created by downscaling resident population estimates per revised census unit, 
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informed by built-up layers (Freire et al. 2016). Several built-up layers were tested to determine the 
best predictor of population presence. Official population statistics from six countries were aggre
gated and downscaled to grids using different built-up layers (see Appendix section G). The resi
dential built-up volume layer BURES

V was selected as the most suitable target layer for population 
downscaling, by assuming:

BURES
V = BUTOT

V  BUNRES
V 

with BUTOT
V : GHS-BUILT-V and BUNRES

V : GHS-BUILT-V-NRES.
Each year, total resident population within each census unit was distributed to residential built- 

up cells, proportionally to the residential built-up volume share in the unit. This method is suitable 
for policy support due to its clarity, reproducibility, and improved representation of resident popu
lation. For methodological details see Appendix section G. Visual comparative examples of GHS- 
POP are provided in the Appendix section L.4, for the following regions: rural Africa (L.4.1), rural 
Brazil (L.4.2), urban China (L.4.3), and a region East of Al-Mafreq, Jordan (L.4.4).

4.4. Human settlements classification

The GHSL spatial taxonomies (Tambassi 2018) serve as a tool to distill complex human settlement 
information from various sources. This process transforms the raw data into a more manageable 
and understandable semantic schema. This simplification makes the data more accessible and 
enhances its interpretability, thereby facilitating its application across a range of contexts. The Mor
phological Settlement Zone (MSZ), the Built Type classification, (BUTYPE), and the settlement 
model (SMOD) implementing the Degree of Urbanization (DEGURBA) classification are placed 
in the lower, intermediate, and top level, respectively, of the GHSL HAMM (Figure 4). It is impor
tant to highlight that the GHSL taxonomies are produced by applying static rules to the baseline 
GHSL data. This process explicitly reveals the assumptions inherent in these taxonomies. Therefore, 
the approach here is fundamentally deductive, with no inductive inference applied.

4.4.1. Morphological settlement zone
The Morphological Settlement Zone (MSZ) concept uses the salient points of the fBU function 
or ‘markers’ (MBU) and integrates various GHSL data (Figure 17). MBU are defined as the local 

Figure 17. Schematic diagram of the concept of the Morphological Settlement Zone.
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maxima of the fBU function or samples where fBU > 50%. A 10 m resolution MSZ is achieved 
by applying morphological filtering to the fBU function markers, guided by deductive inference 
and an unsupervised classification process. The goal is to aggregate nearby built-up structures, 
including open spaces within the MSZ, while avoiding large unbuilt areas in sparse settlements. 
The process distinguishes between ‘compact’ and ‘sparse’ settlement patterns, filling gaps only in 
compact settlements (Figure 18). After delineation, a hierarchical approach characterizes the 
MSZ, prioritizing markers associated with built-up (MBU), open space (MNBU), and water sur
faces. MBU is characterized by merging FUN and BU-H modules, using NRES classification and 
ANBH values. Open spaces are classified using GHS-LAND R2022 land surface information, 
MAX-NDVI from Sentinel-2 image data, and OSM highway surfaces. A hierarchical per-pixel 
approach is adopted for MNBU domain classification, considering highway set, land surface 
dominance, and water surfaces. The resulting MSZ taxonomy (Figure 19) includes a nomencla
ture describing open and built-up spaces (Table 3).

4.4.2. Built typology
The BUTYPE classification process uses three input modules: land vs. water fraction (fWATER), 
functional classification (FUN), and building height (ANBH) from the BU-H module, aligned 
with Sentinel-2 image data. The process includes defining a built domain (fBU > 0), classifying it 
into RES and NRES categories, estimating the number of floors by rounding the ratio of ANBH 
to 3, categorizing them, and classifying samples outside the built domain. The goal is to summarize 
characteristics like construction technology, invested capital, urban density, and living conditions. 
Single-family homes, typically one or two stories high, are prevalent in suburban areas and informal 
settlements, often owner-built and occupied. Multi-family homes, three or more stories high, are 
categorized into walk-up apartments (3-7 floors class) and high-rise buildings (8 + floors class). 
These require financing, are not self-built, and often built for rental. The key difference lies in 

Figure 18. Delineation of the MSZ in the region of Padova and Venice (Italy) by the union of ‘compact’ or ‘sparse’ settlement 
domains. (a) the 10 m resolution fBU function extracted from Sentinel2 imagery, and (b) the fBU-derived discrimination between 
‘compact’ vs. ‘sparse’ settlement patterns supporting the MSZ. Only the compact settlements were gap-filled.
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their construction, ownership, and purpose. Table 4 presents the final BUTYPE class abstraction list 
(Figure 20).

4.4.3. The settlement model and the degree of urbanization
The GHS Settlement Model (SMOD) and Degree of Urbanization Classification (DUC) implement 
the two-stage DEGURBA method within the GHSL framework (see Appendix section J). GHS- 
SMOD identifies settlement classes using population density grids, while GHS-DUC characterizes 
territorial units by their urbanization degree. GHS-SMOD is at the apex of the GHSL HAMM for 

Figure 19. Anatomy of the MSZ taxonomy in the town of Mira (Venice, Italy). (a) the fBU extracted from Sentinel-2 imagery, (b) 
the salient BU markers (MBU) extracted from the continuous fBU, (c) the delineation of the MSZ by spatial generalization of the 
MBU using open-closing alternate morphological filtering and gap filling of compact settlements, (d) characterization of the MSZ 
inner domain by integrating various GHSL information. The legend of the MSZ taxonomy is the same as in the Figure 6.

Table 3. Morphological Settlement Zone taxonomy.

MSZ code Taxonomy

00 Outside the MSZ domain
01 MSZ, open spaces, low vegetation surfaces NDVI ≤ 0.3
02 MSZ, open spaces, medium vegetation surfaces 0.3 < NDVI ≤ 0.5
03 MSZ, open spaces, high vegetation surfaces NDVI > 0.5
04 MSZ, open spaces, water surfaces LAND < 0.5
05 MSZ, open spaces, road surfaces
11 MSZ, built spaces, residential, building height ≤ 3 m
12 MSZ, built spaces, residential, 3 m < building height ≤ 6 m
13 MSZ, built spaces, residential, 6 m < building height ≤ 15 m
14 MSZ, built spaces, residential, 15 m < building height ≤ 30 m
15 MSZ, built spaces, residential, building height > 30 m
21 MSZ, built spaces, non-residential, building height ≤ 3 m
22 MSZ, built spaces, non-residential, 3 m < building height ≤ 6 m
23 MSZ, built spaces, non-residential, 6 m < building height ≤ 15 m
24 MSZ, built spaces, non-residential, 15 m < building height ≤ 30 m
25 MSZ, built spaces, non-residential, building height > 30 m
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spatial information production and was produced at the largest spatial aggregation of the GHSL 
raster data (1 km resolution). The rural-urban continuum classes are defined using a combination 
of resident population density or built fabric density observed at 1 km resolution, along with the 
population size of the settlement (Dijkstra et al. 2021). GHS-DUC classifies territorial units by 
applying DEGURBA second stage based on GHS-SMOD for each GHSL epoch (see Appendix sec
tion J.3). The resulting classification and statistics (GHS-DUC R2023) assist in disaggregating sev
eral indicators by DEGURBA, such as Sustainable Development Goals (SDGs), Gallup World Poll, 
and similar monitoring efforts available by administrative level. SMOD produces boundaries of 
urban centers for each GHSL epoch, linked over time with the Multi-Temporal dynamics of the 
Urban Centers (MTUC, see Appendix section J.2). MTUC aids in studying city evolution, demo
graphic shifts, and socio-economic factors. It tracks population changes and the spatial dynamics 
of city boundaries, identifying entities that grow, shrink, split, merge, or appear/disappear over 

Table 4. Built Typology classification.

BUTYPE class Taxonomy

00 outside the BU > 0 domain and WATER surface dominant
01 outside the BU > 0 domain and LAND surface dominant
11 residential or mix prevalent 1-2 floors
12 residential or mix prevalent 3-7 floors
13 residential or mix prevalent 8 + floors
21 exclusive non-residential prevalent 1-2 floors
22 exclusive non-residential prevalent 3-7 floors
23 exclusive non-residential prevalent 8 + floors

Figure 20. BUTYPE taxonomy for a region in the East of Bengaluru, India. (a) sentinel-2 image composite, and (b) derived BUTYPE 
taxonomy.
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time. This allows for a detailed analysis of urban growth and contraction, offering valuable insights 
into urban development patterns.

5. Validation and comparative assessment

In this section, we validate the low and medium abstraction levels of GHSL information. Our 
approach is multifaceted (Table 5), involving different types of reference data: 

. Human Visual Inspection of imagery (HVI_REF): This involves extensive visual inspection of 
EO imagery (Figure 21, Figure 22);

. Vector Building Footprint reference data (BF_REF): This is an ensemble of vector building foot
print data generated from various sources, organized in data blocks of 25 km. It is partially 
enriched with information about the year of construction and height of buildings, extracted 
from propriety data and/or cadastral data (Figure 23, Figure 24);

. Authoritative Gridded Population Counts (POP_REF): These are detailed population counts 
released by official sources.

These reference data were not used or did not exist during the production of the GHSL R2023A, 
were independently compiled, and were assumed to be more accurate than the GHSL data, with 
some limitations.

Besides validation, we also carried out a comparative assessment of the GHS-POP and GHS- 
BUILT. The assessment includes the following models and their outputs: GHS-POP R2023, 
GHS-POP R2022, GHS-POP R2019 (GHS-POP versions released in 2023, 2022, 2019), WPC – 
‘WorldPop UN adjusted constrained’ – (Bondarenko et al. 2020), and WPU – ‘WorldPop UN 
adjusted unconstrained’ - (WorldPop 2018). The comparative assessment of GHS-BUILT targets 
alternative global models/products that derive similar information from Earth Observation (EO) 
data and comply with a policy of complete transparency and unrestricted access (Table 5). Despite 
its relevance, the Global Urban Footprint (Esch et al. 2013) was excluded from the test due to the 
lack of agreement between the data producer and JRC. To track the progress of GHSL developments 
over time, we included internal GHSL prototypes.

5.1. Reference data and test sampling schema

5.1.1. Human visual inspection of imagery
Human visual inspection reference data (HVI-REF) comprises two sources: the HVI-REF_S2 and 
the HVI_REF_VHR. The first is an extensive visual inspection of the same Sentinel-2 images used 
in the GHSL production process (Figure 21). This inspection was conducted by independent pro
fessional photo interpreters from a team of nine in a three-fold assessment of a globally-represen
tative set of one million samples as part of the Copernicus Emergency Management validation 
services (Melchiorri 2024). The second was created by visually inspecting a globally-representative 
set of 50 000 samples of Very High Resolution,VHR, images in an open crowd-sourcing framework 
(See et al. 2022). Both sources employ distinct sampling and visual interpretation schemas, making 
them complementary. The HVI_REF_S2 sampling was conducted using a spatially uniform, equal
ized random procedure (see Appendix section K.1.1). This aimed to identify an equal number of 10 
m resolution test samples in each class, on the exact spatial grid that supports Sentinel-2 data. Four 
classes were considered: non-built-up land (NBU_LAND), non-built-up water (NBU_WATER), 
built-up residential (BU_RES), and built-up non-residential (BU_NRES). These classes were 
obtained from the dominant surface component of the GHSL continuous surface predictions. 
Each test location was inspected by three randomly chosen photo- interpreters, to minimize 
interpreter-induced systematic bias. HVI_REF_VHR (see Appendix section K.1.2) was sampled 
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using a globally representative set of 50 000 test locations (Figure 22), collected using a stratified 
uniform random schema and was designed to facilitate comparison across different model predic
tions (See et al. 2022). The test data were crowdsourced, using multiple VHR image data available in 

Table 5. The comparative model set in EO-derived information assessment, in alphabetical order, with indication of the 
performed test. ‘C 10 m’ is the test on categorical land use / land cover class at 10 m resolution, ‘BU_S 10 m’ is the test on 
continuous sub-pixel surface fraction at 10 m resolution, and ‘BU_S 80 m/100 m’ is the test on the continuous built-up 
surface at 80 or 100 m resolution. The ‘BU_S MT 100 m’ is the test on the multi-temporal, continuous built-up surface at 100 
m resolution, while the ‘BU_H 100 m’ is the test on average building height at 100 m resolution. The label ‘X’ indicates that 
the given model/product was included in the specific test.

Model Reference
C 

10 m
BU_S 
10 m

BU_S 80 
m / 100 m

BU_S MT 
100 m

BU_H 
100 m

ALOS_30 m (2023) (He et al. 2023) ×
CGLC (2020) Copernicus Global Land Cover  

(Buchhorn et al. 2020)
×

DYNAMICWORLD (2022) (Brown et al. 2022) × ×
ESRI (2018) (Karra et al. 2021) ×
ESRI (2020) (Karra et al. 2021) ×
FROM_GLC10 (2019) (Gong et al. 2019) ×
FROM_GLC30 (2013) (Gong et al. 2013) ×
GAIA (2020) (Gong et al. 2020) × ×
GAUD (2020) (Gong et al. 2020; Liu et al. 2020) × ×
GHS-BUILT (2017) (Corbane et al. 2017) ×
GHS-BUILT R2016 Public GHSL release (Pesaresi et al. 2016b) × ×
GHS-BUILT R2019 Public GHSL release (Corbane et al. 2019) × ×
GHS-BUILT-M (2015) Internal GHSL prototype 2015, 

documented in (Pesaresi et al. 2016b)
×

GHS-BUILT-P (2015) Internal GHSL prototype, documented in 
(Pesaresi et al. 2016b)

×

GHS-BUILT-P (2019) Internal prototype supporting the GHSL 
R2022 and R2023 model development, 
documented in this manuscript

× ×

GHS-BUILT-P (2020) (Corbane et al. 2021) × ×
GHS-BUILT-H R2023 Public GHSL release (Pesaresi and Politis 

2023b)
×

GHS-BUILT-S R2023 
E1975-2020

Public GHSL release (Pesaresi and Politis 
2023b)

×

GHS-BUILT-S R2023 E2015 Public GHSL release (Pesaresi and Politis 
2023b)

×

GHS-BUILT-S R2023 E2018 Public GHSL release (Pesaresi and Politis 
2023b)

× ×

GHS-LAND-S R2022 E2018 Public GHSL release (Pesaresi and Politis 
2022)

×

GHS-BUILT-S R2023 E2020 Public GHSL release (Pesaresi and Politis 
2023b)

×

GHSL (2016) Internal prototype documented in (Pesaresi 
et al. 2016b)

×

GHSL (2021) Internal prototype documented in (Pesaresi 
et al. 2021)

×

GISA10 (2022) (Huang et al. 2022b) × ×
GISAv1 (2021) (Huang et al. 2021) ×
GISAv2 (2022) (Huang et al. 2022a) ×
GISD (2022) (Zhang et al. 2022) × ×
GLOBELAND30 (2014) (National Geomatics Center of China 2014) ×
MODIS (2010) (Schneider, Friedl, and Potere 2010) ×
S1_1 km (2022) (Li et al. 2022) ×
S1_500 m (2022) (Zhou et al. 2022) ×
WORLDCOVER (2021) (Zanaga et al. 2022) ×
WSF2015v1 (2020) (Marconcini et al. 2020) × ×
WSF2015v2 (2023) (German Aerospace Center (DLR) 2023) × ×
WSF2019 (2021) (Marconcini et al. 2021) × ×
WSF3D (2022) (Esch et al. 2022) ×
WSFEVO (2021) (Marconcini et al. 2021) × ×
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Figure 21. Geographical distribution of total test samples collected in the HVI_REF_S2 in the four classes NBU_LAND, NBU_WATER, 
BU_RES, BU_NRES, per each sentinel-2 data tile of 100 × 100 km.

Figure 22. Geographical distribution of ‘box’ test samples from the HVI_REF_VHR dataset for each 100 × 100 km Sentinel-2 data 
tile. Each 80 × 80 m ‘box’ sample comprises 64 sub-samples, each measuring 10 × 10 m of spatial resolution.
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Bing or Google as a reference. To address spatial inconsistency and parallax distortion in VHR 
images, a sample size of 80 × 80 m in the local UTM grid geometry was established. For each sample, 
the interpreter filled a matrix of 64 sub-samples, each measuring 10 × 10 m, answering ‘yes’ or ‘no’ to 

Figure 23. Representation of the BF_REF data universe, encoded by the number of independent sources available per 25 km data 
block.

Figure 24. Illustrating the validation concept of the GHSL data products using attributed, automatically generated or cadastral 
building footprint data BF_REF, providing accurate estimates of (a) built-up surface, and attributed with (b) building heights, and 
(c) construction year information, for evaluation built-up surface, height, and built-up surface over time, respectively. Left, the city 
of Valencia (Spain) and right, the city of Indianapolis (USA).
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the question: ‘Is the sub-sample built or not?’ The result is a quasi-continuous test data set with 65 
possible values (0-64), quantifying the composite sum of built-up (BU) sub-samples.

5.1.2. Vector building footprint data
Building footprint reference data (BF_REF) includes vector data exported by GIS services of 
national or local administrations (see Appendix section K.1.3). It also predominantly includes 
data derived from the automatic vectorization of VHR images or machine-learning building foot
prints (MLBF), recently produced by Google13, Microsoft14, or the Gates Foundation.15 BF_REF 
was enriched by integrating other sources that assess the year of construction, as in the case of 
the Microsoft-ZTRAX integrated data made for the US by the co-authors (Uhl and Leyk 2022c). 
To control the spatial variability of the accuracy measures, the BF_REF data was prepared in blocks 
of 25 × 25 km size, using the same GHSL grid geometry. Thus, the BF_REF block is the basic unit of 
the test. If more than one reference source assess the same test block, then each source supports an 
independent test (Figure 23). First and second-order statistics were derived from the distribution of 
the block-level tested accuracy performances. Therefore, the ensemble of the different sources sup
porting BF_REF contributes to the final assessment discussed here (see Appendix sections K.5, K.6, 
and K.7). While the correctness of the BF_REF is assumed to be high (Gonzales 2023) as compared 
to the information derived form 10 m resolution imagery, the completeness, semantic consistency, 
spatial accuracy, spatial agreement with the GHSL baseline raster grid, and temporal alignment are 
often unknown. Therefore, we implemented mitigation measures to reduce potential biases, inac
curacies, and uncertainties in the test. In the BF_REF assessment, the spatial domain of the test is 
defined as: TDt = (A > Ct) < B, with A being the generalized reference built-up positive domain 
where the BF_REF > 0 in a spatial neighborhood of 100 meters size, and B being the agreement 
zero domain defined as the domain where the majority of the models under test predict zero 
built-up surface. The temporally bounded Ct is the domain, where the built-up surface is constant 
after the year ‘t’ as derived by the GHSL prediction BU2020

S  BUt
S = 0. The above formulation 

limits the influence of the BF_REF incompleteness and unknown precise update in the 100 m 
neighboring area, including a positive evidence in the reference data. When t , 2020, an 
additional requirement regarding the temporal stability of the built-up surface under test is 
enforced. Finally, only samples with complete and valid data were included in the BF_REF test. Fur
thermore, BF_REF blocks, with a minimum support of 1 000 valid samples, were incorporated into 
the assessment to ensure that the test is representative. In this study, both the HVI_REF and the 
BF_REF have been stratified to facilitate a more comprehensive understanding of error and accu
racy patterns. Specifically, we stratified by world region and by income classification. These classifi
cations are derived from the UN Sustainable Development Goals region16 (UN-SDG-Region) and 
the World Bank income classification17 (WB-Income), respectively.

Table 6 shows the distribution of the 10 m resolution samples in the HVI_REF_S2, categorized 
by sampled class and by WB-income class. The total number of samples per WB-income region 
approximates the surface area of the regions, a result of the spatially uniform random sampling 
schema applied. The total number of samples in each class remains constant, a characteristic of 
the equalized sampling approach used.

Table 7 presents the number of HVI_REF_VHR samples collected via crowd sourcing, categor
ized by WB-Income class. These samples fall into two classes: BU = 0 and BU > 0. Their relative 

Table 6. Number of 10 × 10 m samples supporting the HVI_REF_S2 by sampled class and WB-Income class.

WB-income class BU_NRES BU_RES NBU_LAND NBU_WATER Total

High Income 96162 38.5% 63564 25.4% 76124 30.4% 42541 17.0% 278391 27.8%
Upper Middle 106570 42.6% 104032 41.6% 101187 40.5% 82940 33.2% 394729 39.5%
Lower Middle 39005 15.6% 53419 21.4% 45599 18.2% 26812 10.7% 164835 16.5%
Low Income 6433 2.6% 27358 10.9% 23294 9.3% 14846 5.9% 71931 7.2%
N/A 1830 0.7% 1627 0.7% 3796 1.5% 82861 33.1% 90114 9.0%
Total 250000 100.0% 250000 100.0% 250000 100.0% 250000 100.0% 1000000 100.0%
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occurrence is determined by the expected land cover probability, based on prior information (See 
et al. 2022).

Table 8 presents the volume of BF_REF data used, sorted by WB-income regions. The data is further 
broken down for each supported test. Specifically, the static built-up surface tests at 10 and 100 m res
olutions (‘BU_S 10 m’ and ‘BU_S 100 m’, respectively), the multi-temporal built-up surface test at 100 
m resolution (‘BU_S MT 100 m’), and the average building height test at 100 m resolution (‘BU_H 100 
m’) are detailed separately. Different tests impose varying requirements on the valid data domain, lead
ing to a reduction in the total availability of BF_REF. Section 5.5 provides a detailed description of the 
‘BU_S 10 m’ test, which is elaborated in Section 5.7. Further, the ‘BU_S MT 100 m’ and ‘BU_H 100 m’ 
tests are discussed in Sections 5.8 and 5.9, respectively. It should be noted that due to the uneven avail
ability of BF_REF attributes, such as building height and construction epoch, the ‘BU_S 10 m’ and 
‘BU_S 100 m’ tests offer a more geographically balanced representation. In contrast, the ‘BU_S MT 
100 m’ and ‘BU_H 100 m’ tests mostly cover high-income countries.

5.1.3. Authoritative gridded population counts
The POP_REF data are organized into seven test cases (see Appendix section K.1.4): 1. Brazil, 
2. Ecuador, 3. a subset of 18 European countries within the GEOSTAT grid, 4. Finland, 5. Japan, 
6. Mexico, and 7. Korea. The test data consist of 1 km vector grids reporting the total resident popu
lation, produced by National Statistical Institutes, used to benchmark modeled grids. Table 9 shows 
the characteristics of the POP_REF data supporting the GHS-POP validation.

5.2. Accuracy measures

The accuracy measures adopted in this study are the Jaccard similarity index (Jaccard 1901) and the 
Ružička similarity index (Ružička 1958), R-accuracy, applied to evaluate the discrete and the con
tinuous raster domains, respectively (Krasnodębska et al. 2024). In addition to the R-accuracy 
measure, we assessed the mean absolute error (MAE) and Root Mean Square Error (RMSE) at 
pixel level, and the Total Allocation Accuracy percentage (%TAA) (Batista e Silva et al. 2020) 
was applied for the evaluation of population grids.

5.3. Comparative assessment

Results of the comparative assessment show that the GHS-BUILT R2023 model excels in differentiat
ing between built-up and non-built-up areas (Figure 25a), and notably in distinguishing between land 

Table 7. Number of 80 × 80 m samples supporting the HVI_REF_VHR by sampled class and WB-Income class.

WB-income class BU = 0 BU > 0 Total

High Income 10031 22.2% 1505 32.8% 11536 23.2%
Upper Middle 11931 26.9% 1208 25.6% 13139 26.8%
Lower Middle 5295 11.7% 648 14.1% 5943 11.9%
Low Income 12157 26.4% 1178 26.3% 13335 26.4%
N/A 5821 12.9% 54 1.2% 5875 11.8%
Total 45235 100.0% 4593 100.0% 49828 100.0%

Table 8. Distribution of BF_REF 25 km data blocks across World Bank income classes, utilized in various tests.

WB-income class BF_REF TEST: BU_S 10 m TEST: BU_S 100 m
TEST: BU_S MT 

100 m
TEST: BU_H 

100 m

High Income 72866 24.0% 14972 15.7% 16354 19.9% 7748 99.9% 15499 96.1%
Upper Middle 95366 31.4% 30745 32.3% 24737 30.0% 6 0.1% 606 3.8%
Lower Middle 73839 24.3% 29894 31.4% 26570 32.3% N/A 0.0% 23 0.1%
Low Income 61686 20.3% 19464 20.5% 14659 17.8% N/A 0.0% N/A 0.0%
Total 303757 100.0% 95075 100.0% 82320 100.0% 7754 100.0% 16128 100.0%
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and water (Figure 25b) at a 10 m resolution. It is the most accurate predictor of continuous built-up 
surfaces at a 100 m resolution in the static test domain, TDt=2010 (Figure 25c), and in the full multi- 
temporal domain (Figure 25d). Finally, it excels in predicting the average height of buildings at a 100 
m resolution, both in the static test domain, TDt=2010 and the entire test domain TDt=2020.

5.4. Evaluating the categorical land use / land cover classes at 10 m resolution

The ‘C 10 m’ test is based on 442 292 test locations extracted from the HVI_REF_S2, corresponding 
to the samples where both full agreement and high confidence were reported by the interpreters. In 
the ‘C 10 m’ test, the GHSL yields a mean IoU of 0.87 across all four classes18 an IoU of 0.92 for 
distinguishing between built-up and non-built-up, an IoU of 0.8 to predict residential and non-resi
dential built-up classes, and an IoU of 0.98 in separating water from land. In the ‘urban’ stratum, as 

Table 9. GHS-POP R2023 grid (CIESIN/SEDAC input polygons) and reference layers (gridded census data for 24 countries). PwArea 
refers to the population weighted area. EU18 is a subset of 18 countries in the GEOSTAT grid, where reference data do not have 
privacy control (see Appendix section K.1.4).

GHS-POP input data Reference data

Country
Census 
year

Admin  
(Admin level)

Populated 
units

PwArea 
(km2) Census years Units

Cell size 
(km2)

Brazil 2010 Sector (5) 310 046 17.3 2010 8 860 553 1
Ecuador 2010 Town (3) 1 047 582.5 2010 516 555 1
EU18 2009-2014 Varying 322,029 140.8 2011, 2021 3 255 93 1
Finland 2011 Municipality 

(2)
320 978.8 2005-2020 

5yrs
352 885 1

Japan 2010 Municipality 
(2)

1 750 308.3 1995-2020 
5yrs

501 600 1

Mexico 2010 AGEB (3) 68 476 25.2 2020 1 966 93 1
Republic of 

Korea
2010 District (2) 251 251.2 2000-2020 

10yrs
107 661 1

Figure 25. Summary of the comparative accuracy assessment on the EO-derived GHSL information. Jaccard similarity or Inter
section over Union (IoU) of categorical BU vs. NBU (a) and WATER vs. LAND (b) classification in the URBAN stratum defined by the 
Copernicus Global Land Cover at 100 m resolution. R-accuracy in predicting the quantity of built-up surface at 100 m resolution, 
in (c) static and (d) multi-temporal assessment. (e) R-accuracy in predicting average of the net building heights at 100 m resol
ution in two temporal strata: stable 2010 domain (built-up < 2010), and all the built-up domain.
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defined by the 100 m resolution Copernicus Global Land Cover, the GHSL improves the discrimi
nation of the built-up vs. non-built-up class among the seven best available layers considered in the 
test. It is over twice as accurate in the land vs. water discrimination, compared to the best performer, 
WORLDCOVER (2021). This latter achievement is very important, as the detection of water sur
faces in the urban environment it is a known issue that limits the applications of EO in disaster 
management (see Appendix section K.4)

5.5. Evaluating 10 m resolution sub-pixel built-up surface fraction

The ‘BU_S 10 m’ test, based on 95 210 BF_REF data blocks, was co-registered with Sentinel-2 image 
data globally (Table 8). Co-registration operated only on the spatially uniform domain, ignoring 
non-stationary grid misalignment due to parallax distortion, relevant in urban environments 
with high-rise buildings. Post co-registration, the average residual spatial disagreement between sat
ellite and REF data was half a pixel (4.9 meters), explaining the reduced R-accuracy performance. 
Analysis of spatial misalignment between BF_REF and satellite imagery, while relevant for accuracy 
measures, is beyond the scope of this study. The comparative assessment included only global con
tinuous models predicting built-up surfaces at a 10 m resolution. The built-up class probability was 
tested for GHS-BUILT-P (2020), GHS-BUILT-P (2019), and DYNAMICWORLD (2022), see 
Table 10.

In the ‘BU_S 10 m’ test, GHS-BUILT-S R2023 yields the highest R-accuracy in each WB-income 
region, with an overall R-accuracy of 0.23 and a Mean Absolute Error (MAE) at the grid cell level of 
7.1 m2. The receiving-operator-curve (ROC) analysis revealed that the best cut-off value maximiz
ing the IoU for predicting fBUREF . 0.5 is BUS . 41 at 10 m resolution. These overall findings 
vary across regions and income levels (see Appendix section K.5).

5.6. Evaluation of built-up surface vs. crowd-sourced reference data

The ‘BU_S 80 m’ test was supported by the HVI_REF_VHR data. The total built-up surface 
measured by global models, within 48 884 valid blocks of 8 × 8 grid cells (10 m) was compared 
to crowd-sourced reference data by Spearman rank correlation (Table 11). WSF2015v2 (2023), 
WSF2019 (2021), and GHS-BUILT-S R2023 E2018 provides similar results, with the latter top- 
ranking scoring 0.85 of correlation. Notable increase of the correlation (+27%) can be 
observed from the previous GHS-BUILT R2019 (0.67) to the current R2023. When testing 
the capacity to predict the BU > 0 Boolean domain, the GHS-BUILT-S R2023 demonstrates 
an overall accuracy of 0.99, accompanied by an IoU of 0.9, a precision of 0.93 and a recall 
of 0.97 (Table 12).

5.7. Evaluating 100 m resolution built-up surface layers

In the ‘BU_S 100 m’ test, we evaluate the ability to predict the quantity of built-up surface area, 
measured in square meters, within a spatial sample of 100 × 100 m. We use the BF_REF vector 
data as a reference and bound the test in the domain stable after 2010, with TDt=2010. This was 
done for two reasons: to facilitate comparability across various models developed after 2010 

Table 10. R-accuracy in the BU_S 10 m test of different models by World Bank income level class.

Model High Income Upper Middle Lower Middle Low Income Total

GHS-BUILT-S R2023 E2018 0.268 0.240 0.240 0.195 0.235
GHS-BUILT-P (2020) 0.233 0.202 0.188 0.132 0.188
GHS-BUILT-P (2019) 0.216 0.181 0.183 0.101 0.171
DYNAMICWORLD (2022) 0.130 0.139 0.139 0.099 0.129
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using different image data inputs, and to minimize the issue of an unknown exact update of the 
imagery supporting the BF_REF vector data. The 100 m resolution corresponds to the medium 
abstraction level of the GHSL, where data from various sources are integrated. This is a strategically 
relevant piece of GHSL information to be tested. It is worth noting that the size of the spatial units 
in the test is larger than most of the models considered, except for MODIS (2010), which also facili
tates comparability. Lastly, it’s important to note that the inherent spatial disagreement between the 
BF_REF and the various model outputs considered is assumed to be at most half the size of the 
spatial sample of the test (Pesaresi et al. 2013; See et al. 2022), thereby allowing for comparative 
assessment.

Figure 26 presents the R-accuracy of various models that predict the BF_REF data, which are 
sorted by production year and accuracy scores. GHS-BUILT R2023 emerges as the most accurate 
model, more than doubling the R-accuracy of the benchmark CGLC (2020) ‘urban cover fraction’ 
from the Copernicus Land Monitoring Service. The GHS-BUILT R2023 model for the E2015 epoch 
scores slightly better than the E2020 epoch, indicating that the temporal barycentre of the BF_REF 
ensemble is closer to 2015 than to 2020. A clear trend of gradual improvement in accuracy from past 
to recent models is observable, attributable to improved data and methodologies, also observed by 
Uhl et al. (2020) and Uhl and Leyk (2023).

Since its inception, GHSL has consistently led in providing the best accuracy for each 
specific year. The SML, using available thematic prior knowledge, has released the most accu
rate results. Over the past decade, the SML has demonstrated its ability to enhance pre-classifi
cation knowledge on built-up areas, enabling the discovery of new information and improved 
performance in out-of-sample classification exercises. An important observation is the superior 
performance of continuous models over categorical ones, despite their absence in the past pub
lic releases due to a lack of supporting reference data for global validation. However, with the 
availability of new test data, the decadal R&D investment in the design of continuous surface 
prediction can now be deployed in GHSL R2023. This supports the technical specifications of 
future GHSL releases within the Copernicus Emergency Management Services framework. 
Figure 27 displays the R-accuracy and MAE of various models, stratified by UN-SDG-Region 
and WB-Income. The GHS-BUILT R2023 model provides the most accurate predictions and 
the lowest MAE for built-up surface area across the considered strata, thereby confirming 
the overall observation. When stratified by built-up density quantiles along the urban-rural 

Table 11. Correlation of total built-up surface measured by global models with crowd-sourced reference data (See et al. 2022). 
The table is sorted by descending Spearman rank correlation coefficient.

No Model Spearman No Model Spearman

1 GHS-BUILT-S R2023 E2018 0.8565 14 GHS-BUILT-P (2020) 0.7091
2 WSF2019 (2021) 0.8502 15 GHS-BUILT R2019 0.6725
3 WSF2015v2 (2023) 0.8251 16 GAUD (2020) 0.6566
4 DYNAMICWORLD (2022) 0.7989 17 GHS-BUILT (2017) 0.6427
5 ESRI (2020) 0.7811 18 GISAv2 (2022) 0.6316
6 ESRI (2018) 0.7778 19 GISAv1 (2021) 0.6229
7 WSF2015v1 (2020) 0.7574 20 GAIA (2020) 0.6128
8 WSFEVO (2021) 0.7573 21 FROM_GLC10 (2019) 0.5923
9 GHS-BUILT-P (2019) 0.7561 22 GHS-BUILT R2016 0.5875
10 WORLDCOVER (2021) 0.7544 23 MODIS (2010) 0.3712
11 CGLC (2020) 0.7177 24 FROM_GLC30 (2013) 0.3474
12 GISD (2022) 0.7123 25 GLOBE_LAND30 (2014) 0.3103
13 GISA10 (2022) 0.7110

Table 12. Accuracy measures derived from the HVI_REF_VHR for the GHS-BUILT R2023 in the BU > 0 test.

TP TN FP FN N Overall Accuracy IoU Precision Recall

4008 44460 297 119 48884 0.991 0.906 0.931 0.971
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continuum (cf. Leyk et al. 2018), the superiority of the GHS-BUILT R2023 model is further 
confirmed (Uhl et al. 2024).

The new GHS-BUILT-S R2023 data significantly improves the assessment of built-up sur
faces in vulnerable areas that play a crucial role in disaster management (Adger 2006; Benevo
lenza and DeRigne 2019; Hunter et al. 2021), overcoming limitations of existing remote sensing 
technologies. These technologies often struggle with accurately assessing informal settlements, 
excluding vulnerable populations from crucial policy information (Van Den Hoek and Frie
drich 2021). The R2023 data emerges as the most effective predictor in low-income countries 
and refugee camps, marking a significant advancement. A systematic ‘income bias’ is evident in 
remote sensing-derived measurements, with lower income levels associated with lower accu
racy performances (see Figure 27, R-accuracy in low-income stratum). However, GHS- 
BUILT-S R2023 outperforms other sources, achieving 55.56% higher performance compared 
to the best non-GHSL option. It also proves to be the best predictor of built-up surface area 
in the refugee camp strata, achieving 45.8% higher performance than the second best and 
400% higher than the previous GHS-BUILT R2019 release (Table 13). Here the stratum is 
defined by a global set of 345 UNHCR-managed refugee camps19, in the 297 test cases 
(86.1% of the total) where BF_REF data was available (see Appendix section K.1.5).

5.8. Evaluation of 100 m resolution multi-temporal built-up dynamics

The ‘BU_S MT 100 m’ test utilized 7 754 BF_REF data blocks where the year of construction was 
available (Table 8). It is important to note that in the BF_REF data, buildings that were dismantled 
and subsequently rebuilt only retain the most recent year of construction. This overlooks the fact 
that the same location had previously been built upon. This oversight implicitly inflates the error 

Figure 26. Comparative assessment of R-accuracy in predicting the total built-up surface at 100 m resolution. Tests, supported by 
the entire BF_REF, were conducted in the domain TDt=2010. Datasets produced by the GHSL project are shown in light blue (pub
lic full releases) or yellow (other releases or internal prototypes), benchmark CGLC (2020) is labeled in red. Continuous models are 
represented in specific dash pattern.
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rates reported in the study, as satellite data logically document built-up surfaces both before and 
after the building alterations.

The study demonstrates an increase in accuracy from 0.25 (1975) to 0.43 (2020) in 
GHSL data, a trend which is in line with previous research (Leyk et al. 2018; Uhl and 
Leyk 2022a; 2022b). (Table 14), attributed to the improved quality of Landsat imagery 
and the accumulation of temporal error induced by the BF_REF. RMSE and MAE slightly 
increase as built-up surface expands, but remain stable, suggesting a constant bias useful for 
determining change rates. High standard deviations of RMSE and MAE indicate significant 
error variation across tiles. GHS-BUILT-S R2023 outperforms other models in predicting 
built-up surfaces at 100 m resolution over time, with an average R-accuracy of 0.36 across 
all epochs, 125% better than GISD30 and 157.14% better than GHSL R2019. It shows a 
16.13% improvement over the R2022 version, particularly in early epochs. The trend 
of increasing MAE over time is consistent with other models, while the bias remains stable 
(Figure 28).

Figure 27. R-accuracy and MAE of various models by UN-SDG-Region and by WB-Income classification. Heat maps are sorted 
vertically by the average R-accuracy per model across all strata (descending), and horizontally by the strata-averages across 
all models.
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5.9. Evaluating 100 m resolution average height of built-up structures

The ‘BU_H 100 m’ test utilized 16128 BF_REF data blocks where the building heights were available 
from cadastral data or proprietary data (Table 8). Figure 29 shows the predicted vs. BF_REF 
observed ANBH in the cities of Sao Paulo (Brazil), Soul (South Korea), Milan (Italy), Washington, 
(US), Melbourne (Australia) and Warsaw (Poland). Building height reported by the BF_REF does 
not necessarily align with the definition applied by the GHSL (Table 1). Undefined terms can be 
implicit in the available BF_REF, including different points in the roof area and in the terrain of 
the building footprint to be taken as reference (min, max, or median elevation). This fact alone 

Table 13. R-accuracy in prediction of built-up surfaces in refugee camps by different global models, and by UN-SDG-region, 
sorted by average R-accuracy.

Model
Central and Southern 

Asia
Eastern and Southern 

Asia
Northern Africa and 

Western Asia
Sub-Saharan 

Africa Average

GHS-BUILT-S R2023 E2020 0.57 0.53 0.46 0.30 0.35
WSF2015v2 (2023) 0.25 0.41 0.26 0.23 0.24
GHS-BUILT-P (2019) 0.27 0.36 0.20 0.21 0.22
WORLDCOVER (2021) 0.37 0.35 0.25 0.19 0.22
WSF2019 (2021) 0.30 0.41 0.35 0.16 0.21
GISA10 (2022) 0.22 0.40 0.22 0.16 0.18
GHS-BUILT-P (2020) 0.26 0.15 0.14 0.17 0.17
GISD (2022) 0.28 0.25 0.22 0.12 0.15
FROM_GLC10 (2019) 0.19 0.16 0.24 0.13 0.15
CGLC (2020) 0.17 0.27 0.16 0.10 0.13
GHS-BUILT-P (2015) 0.15 0.08 0.08 0.10 0.10
WSF2015v1 (2020) 0.15 0.23 0.13 0.08 0.10
GHS-BUILT-M (2015) 0.12 0.04 0.10 0.10 0.10
DYNAMICWORLD (2022) 0.20 0.17 0.08 0.08 0.10
WSFEVO (2021) 0.15 0.22 0.14 0.07 0.09
ESRI (2018) 0.18 0.14 0.13 0.07 0.09
ESRI (2020) 0.16 0.19 0.14 0.06 0.09
GHS-BUILT (2017) 0.08 0.08 0.09 0.07 0.08
GHS-BUILT R2019 0.13 0.10 0.10 0.06 0.08
GHS-BUILT R2016 0.06 0.04 0.07 0.05 0.05
GISAv1 (2021) 0.11 0.13 0.02 0.05 0.05
GISAv2 (2022) 0.11 0.12 0.01 0.05 0.05
GLOBE_LAND30 (2014) 0.11 0.08 0.07 0.04 0.05
GAUD (2020) 0.07 0.03 0.07 0.04 0.05
GAIA (2020) 0.02 0.001 0.03 0.01 0.02
MODIS (2010) 0.03 0.00 0.00 0.01 0.01
FROM_GLC30 (2013) 0.005 0.00 0.00 0.003 0.002

Table 14. Agreement of the GHS-BUILT-S R2023 built-up surface estimates at 100 m spatial resolution with a reference database 
of building footprint data attributed with construction year information. Shown are averages of agreement measures calculated 
at the tile level for a global set of 7754 tiles of 25 km × 25 km.

Year R-accuracy RMSE MAE

1975 0.249 ± 0.054 213.903 ± 119.728 64.242 ± 71.2665
1980 0.312 ± 0.053 206.876 ± 111.0905 61.999 ± 66.827
1985 0.308 ± 0.054 216.864 ± 114.906 65.783 ± 70.5705
1990 0.35 ± 0.053 212.385 ± 108.9245 64.026 ± 68.843
1995 0.344 ± 0.0525 229.909 ± 116.124 71.019 ± 73.5085
2000 0.397 ± 0.049 230.855 ± 115.6905 71.127 ± 73.4275
2005 0.393 ± 0.049 241.371 ± 117.477 75.883 ± 75.4025
2010 0.438 ± 0.0495 234.871 ± 112.3635 73.91 ± 72.6845
2015 0.429 ± 0.049 247.858 ± 115.677 79.059 ± 75.407
2020 0.426 ± 0.0495 253.934 ± 116.868 81.385 ± 76.476
All 0.3646 ± 0.0513 228.8826 ± 114.8849 70.8433 ± 72.4413

INTERNATIONAL JOURNAL OF DIGITAL EARTH 37



injects an expected uncertainty of 2-3 meters in the analysis. Additionally, some BF_REF sources 
may include speculative building height information derived from the declared number of floors, 
thus implicitly assuming flat roof and flat terrain. All these factors artificially inflate the error 
rates and contribute to a decrease in the accuracy estimation.

The study was conducted by stratifying the BF_REF data based on the temporal characteristics of 
the built-up surface corresponding to the dominant reference year of the DEMs that support the 
various models (i.e. ‘Stable_BU2010’ vs. ‘New_BU2020’) and by the UN-SDG-region.

Figure 28. Agreement of the GHSL R2023A built-up surface estimates, and a range of related global datasets, at 100 m spatial 
resolution with a reference database of building footprint data attributed with construction year information. Shown are 
averages of agreement measures calculated at the tile level for a global set of 7754 tiles of 25 km × 25 km.

Figure 29. Predicted GHS-BUILT-H R2023 (top row) and reference (middle row) ANBH values at 100 m resolution for six test areas 
(50 × 50 km), from left to right: Sao Paulo (Brazil), Seoul (South Korea), Milan (Italy), Washington, (US), Melbourne (Australia) and 
Warsaw (Poland). Bottom row shows absolute difference between the predicted and the reference ANBH values, with blue color 
indicating underestimation of ANBH, red color indicating overestimation of ANBH and white color indicating agreement between 
the predicted and the reference values.
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Table 15 presents the R-accuracy, MAE, and RMSE obtained by various models using the entire 
BF_REF dataset. Overall, GHS-BUILT-H R2023 outperforms the considered alternatives in predicting 
the average building height at a 100 m resolution, achieving R-accuracy of 0.56. This is significantly 
higher than the best alternative, WSF3D (2022), which provides an R-accuracy of 0.43. The GHS- 
BUILT-H R2023 model has an average MAE and RMSE of 2.27 m and 3.31 m, respectively. If 
observed by UN-SDG-region and by temporal strata, GHS-BUILT-H R2023 consistently outperforms 
all the alternatives in predicting the Stable_BU2010 domain (R-accuracy of 0.58 for all regions), 
except for the few BF_REF data falling in Latin America (Figure 30, left). However, due to the scarcity 
of available BF_REF data, we cannot generalize this observation to the entire region. In predicting 
the New_BU2020 domain, the GHS-BUILT-H R2023 largely outperforms all the alternatives, in all 
the available UN-SDG-regions (Figure 30, right) with an average scoring of 0.53 as compared 
to the second best ALOS_30 m (2023) scoring 0.18, and a very low scoring close to zero of the 
only models using updated Sentinel-1 data: S1_500 m (2022) and S1_1 km (2022). This clearly indi
cates the added value of processing updated Sentinel-2 data, as included in the GHS-BUILT-H R2023 
model.

5.10. Evaluating population distribution grids

Performance metrics are calculated by aggregating GHS-POP 100 m data to the native reference 
vector grids, as reported in the authoritative sources of POP_REF, and by comparing the modeled 
population counts with the reference counts. This method differs from common practices that 

Figure 30. Average R-accuracy of all tested models, categorized by UN-SDG-region. The left side represents the Stable_BU2010 
domain, while the right side represents the New_BU2020 domain. The number of available BF_REF data tiles for each region is 
indicated in brackets.

Table 15. Aggregated performances of the various models in all the BF_REF available data.

Model Avg. R-accuracy Avg. MAE Avg. RMSE

GHS-BUILT-H R2023 0.56 2.27 3.31
WSF3D (2022) 0.43 2.38 3.68
GHSL (2021) 0.35 4.59 5.72
GHSL (2016) 0.24 3.32 4.24
ALOS_30 m (2023) 0.22 3.91 4.88
S1_1 km (2022) 0.18 4.05 4.62
S1_500 m (2022) 0.11 6.34 9.13
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primarily focus on comparing different modeling methods, a process known as internal validation 
(Stevens et al. 2020; Xu et al. 2021). However, external validation, which is detailed in Appendix 
section K.9 and involves comparison with compatible, reliable, detailed, and complete data 
(Table 9), offers the most comprehensive accuracy depiction for data users (Archila Bustos et al. 
2020; Freire et al. 2016; Leyk et al. 2019).

Table 16 shows that GHS-POP R2023 performs best in each year and across all metrics, followed 
closely by R2022. The improvements in R2023 over R2022 can be attributed to the use of residential 
BU volume as a disaggregation covariate. On the other hand, WPU displays the lowest accuracy 
among the tested grids, with WPC performing better in 2020. The accuracy tends to increase 
over time up to 2015, primarily due to changes in the approaches used to calculate growth rates, 
with R2022 using a fixed growth rate.

Identifying unpopulated areas is a crucial feature of gridded population data (Archila Bustos 
et al. 2020), and we have assessed their accuracy by the main population density classes (see 
Table K-11 in Appendix). In most countries, R2022 is the best at representing unpopulated areas 
(d = 0), but this could be due to the omission of BU detection. Accuracy tends to increase with 
increasing population density. However, densely populated areas are often represented by smaller 
census units, which reduces the need for disaggregation. This observation is confirmed by Brazil 
(BRA), the country with the smallest census units (PwArea).

6. Thematic results

Here, we present some key findings from the newly integrated GHSL R2023 information. Section 6.1
addresses the global inner characterization of the human settlements for the GHSL nominal 
year 2020 by joint observation of the BUTYPE, BU-S, BU-V, POP, and SMOD layers. The 
close-range dynamics of built-up areas and population from 1975-2020 are discussed in Section 
6.2. Lastly, Section 6.3 focuses on how the new GHSL aligns with the existing global long-range 
predictions of built-up surfaces up to the year 2100.

6.1. Adjustment factor of total built-up surface

A systematic comparison with BF_REF reveals the multiplicative gains or adjustment factors 
required to align the models predicted built-up surface with BF_REF assessment. This alignment 
is in terms of the aggregated sum of built-up surfaces in large areas such as cities, countries, or 
regions. Table 17 presents the adjustment factors of the GHS-BUILT R2019 and R2023 predictions 

Table 16. R-accuracy and %TAA (in brackets) for each population grid (WPC: WorldPop UN adjusted constrained; WPU: WorldPop 
UN adjusted unconstrained) for each reference year available (census grids). Aggregated and RMSE columns refer to data for all 
available epochs aggregated.

1995 2000 2005 2010 2015 2020 Aggregated RMSE

GHS-POP R2023 0.71 (83%) 0.69 (82%) 0.73 (85%) 0.73 (84%) 0.74 (85%) 0.68 (81%) 0.71 (83%) 45.4
GHS-POP R2022 0.69 (82%) 0.65 (79%) 0.70 (83%) 0.69 (82%) 0.69 (82%) 0.61 (76%) 0.66 (80%) 55.4
GHS-POP R2019 - 0.61 (76%) - - 0.64 (78%) - 0.62 (77%) 590.9
WPC - - - - - 0.59 (74%) 0.59 (74%) 205.6
WPU - 0.53 (70%) 0.58 (73%) 0.57 (72%) 0.61 (76%) 0.55 (71%) 0.56 (72%) 62.7

Table 17. Average Adjustment Factors for GHS-BUILT-S model predictions for TDt=2010 by the World Bank income level.

GHS-BUILT R2019 f GHS-BUILT R2023 f R2019 f / R2023 f

High Income 0.254 0.637 0.40
Upper Middle 0.418 0.711 0.59
Lower Middle 0.499 0.762 0.65
Low Income 0.514 0.493 1.04
Total BF_REF 0.365 0.689 0.53
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calculated for TDt=2010. These factors are further subdivided by WB-Income regions. We assume 
that SX′ = f · SX, where f is the adjustment factor used to translate the sum of built-up surface SX 
predicted by the model into the sum of built-up surface SX′ observed in BU_REF. The factor ( f ) 
for R2023 is 0.68, compared to 0.36 for R2019. Both models tend to overestimate the total built-up 
surface, but R2023 significantly reduces this overestimation, yielding aggregated surface estimates 
half of those from R2019. Notably, f for R2023 is lower in low-income regions, suggesting that 
R2023 predictions overestimate the built-up surface more than the norm in these areas. Global 
quantitative models including aggregate built-up surfaces should consider these regional disparities. 
However, further research is needed to understand the temporal projection of these adjustment fac
tors, considering the spatial–temporal bias of the GHS-BUILT MT data. This topic falls outside the 
scope of the study discussed here.

6.2. Global characteristics of the human settlements

According to the GHSL empirical findings, taller buildings are far more prevalent in cities (assumed 
here as the DEGURBA ‘urban centres’) than in rural areas (see Figure 31). On average, 91% of the 
building volume in rural areas belongs to one- or two-story buildings, compared to only 22% in 
cities. The abundant amount of land in rural areas and the benefits of being close to the city center 
help to explain why buildings in cities are significantly taller than in rural areas. The income of a 
country reinforces this pattern. For example, in low-income countries, 99% of building volume 
in rural areas is in low-rise buildings compared to 86% in high-income countries. In cities of 
low-income countries, the building volume in low-rise buildings is 45% and drops to 18% in 
high-income countries.

Cities in low-income countries tend to be smaller than cities in higher income countries (OECD 
and European Commission 2020), which explains part of the higher prevalence of low-rise build
ings in low-income cities. When grouping cities by population size, however, cities in low-income 
countries continue to have the highest share of low-rise buildings in each of the four city size classes: 
those shares are typically double than those in cities of high-income countries (Figure 32).

Larger cities tend to have more mid- and high-rise buildings than smaller ones because being 
close to the center provides more benefits in a large city and the costs of travel to that center are 

Figure 31. Building volume by number of floors, Degree of Urbanization and income group, 2020.
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higher. Buildings with at least 8 stories provide 10% of the building volume in high-income cities of 
at least 5 million inhabitants, while the share is much lower in smaller cities and cities in lower 
income countries.

Tall buildings can alleviate city overcrowding by offering more floor space within the same land 
area. Overcrowding remains a significant issue in cities within low and lower-middle-income 
countries, which have half the building volume per capita compared to cities in upper-middle- 
income countries, and a fifth compared to cities in high-income countries (Figure 33). These stat
istics highlight the potential for these cities to expand both vertically and horizontally (Lall et al. 
2021). The country’s income has the most substantial impact on the building volume per capita, 
but the size of the city also influences it. In high-income countries, and to a lesser extent in 
upper-middle-income countries, an increase in city size tends to decrease the building volume 
per capita. In contrast, in low-income and lower-middle-income countries, the building volume 
per capita initially increases with city size, then declines for cities with at least 5 million inhabitants. 
This pattern suggests that as city size increases, the income effect surpasses the cost effect. In other 
words, in cities with populations exceeding 250 000, the incomes are sufficiently high to offset the 

Figure 32. Building volume by number of floors, city size and income group, 2020.

Figure 33. Building volume per capita by city size and income group, 2020.
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increased land and construction costs compared to smaller cities. Consequently, the building 
volume per capita rises with city size and only slightly decreases for cities with at least five million 
inhabitants.

Among other socio-economic factors, the temporal characteristics of the built stock influence the 
construction technology and energy efficiency. The longevity, or inertial component, of the built-up 
stock exhibits significant regional diversity. The proportion of the built-up surface from before 
1975, relative to the surface measured in 2020, is highest in Europe (53.3%). In contrast, it is lowest 
in sub-Saharan Africa (24.8%), with a global average of 37.4% (Table 18).

6.3. Global and regional dynamics

6.3.1. Close-range dynamics 1975-2030
From 1975 to 2020, the global population size doubled from 4 billion to 8 billion, according to UN 
WPP 2022. This demographic shift corresponded to a sevenfold increase in the global built-up surface 
area, as per the latest GHSL data. Figure 34 provides a summary of the increase in built-up per capita, 

Table 18. Share of Built-Up Surface Area Pre-existing 1975, Measured in 2020, Categorized by 
UN-SDG Region.

UN-SDG-region BU_S 1975/2020 share

Europe 53.3%
Northern America 52.9%
Oceania 51.5%
Australia and New Zealand 46.2%
Latin America and the Caribbean 44.3%
Northern Africa and Western Asia 41.5%
* World barycentre 37.4%
Eastern and Southern Asia 26.8%
Central and Southern Asia 25.7%
Sub-Saharan Africa 24.8%

Figure 34. Built-up surface per capita (m2), built-up surface percentage increase and population percentage increase by World 
Bank income classes and SMOD categories between 1975 and 2020.
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built-up surface, and population respectively. Each indicator is disaggregated by income and degree of 
urbanization classes, differentiating between urban centers and rural areas. Middle-income countries 
are the primary drivers of both population and total built-up surface increase, accounting for 76% of 
the total world population. Despite this, high-income countries still possess the majority of built-up 
surface per capita, even though only 16% of the total world population resides there. These stark 
differences are at the core of the 2030 Agenda for Sustainable Development, which aims to end pov
erty, reduce inequality, address climate change, and preserve oceans and forests. The GHSL data pro
vides a comprehensive dataset that can be used to address interdisciplinary topics across various fields. 
The implementation of the MTUC module assessed over 50 000 urban center (UC) pairs to track their 
evolution over time. This revealed that half of the 11 000 UCs in 2020 did not exist in 1975, a phenom
enon known as city morphogenesis. It also showed that most large UCs were formed by merging 
smaller ones. Around 1% of 2020s UCs originated from past splits, a trend potentially increasing 
with population decrease.

6.3.2. Long range dynamics to 2100
In this section, we examine the alignment of the new GHSL data with existing global projections of 
built-up areas for the year 2100. Spatially explicit projections of the built-up surface were generated 
under urbanization scenarios that are consistent with the Shared Socioeconomic Pathways (SSPs), 
covering the period from 2000 to 2100 (J. Gao and O’Neill 2020). These were later downscaled to a 1 
km resolution (J. Gao and Pesaresi 2021), both based on GHSL R2019 data. When comparing built- 
up surface observations from GHSL R2023 with SSP-consistent projections, we standardize each 
time series to focus on relative change rates. The rate of change in the global total amount of 
built-up surface falls between the SSP2 and SSP5 projections, deviating from the sustainability path
way (SSP1). The median trajectory, which lies between SSP2 (middle of the road) and SSP5 (fossil 
fueled), aligns with the newly observed GHSL data from 2000 to 2020 (Figure 35). If this trend con
tinues, the global total amount of built-up surface in 2100 is projected to be 4.7 times the amount in 
2000.

7. Limitations

This section succinctly enumerates the design constraints of the GHSL R2023 data. 

Figure 35. Global built-up surface trends (normalized to the year 2000) in the GHSL R2023 and SSPs projections.
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1. Monotonic Built-up Growth Assumption: This assumption is imposed in the 100 m resolution 
spatial unit. As a result, the GHSL becomes ineffective for monitoring the deconstruction and 
reconstruction processes associated with disasters or the dismantling of settlement parts, due 
to redevelopment and conversion. It assumes a unidirectional growth of built-up areas. The 
lack of comprehensive reference data for assessing the demolition of individual buildings 
necessitates this assumption. Typically, only the construction epoch is reported, which compli
cates the calibration of models designed to assess deconstruction processes.

2. Backward Constant Functional NRES (2020) Class Share Assumption: This assumption is 
imposed in the 100 m resolution spatial unit. Due to the lack of reference data on changing func
tional destinations for NRES buildings, it is challenging to evaluate the empirical bias induced by 
this assumption. The GHSL, therefore, is not suitable for assessing the reconversion of industrial 
buildings to parks or residential complexes, for example.

3. Backward Constant Average Building Height (2020) Assumption: This assumption is imposed in 
the 100 m resolution spatial unit. It is necessary due to limitations in EO data and the absence of 
reference data to assess the change of building height over time. Depending on local construc
tion conditions and trends, this assumption may inflate BU-V MT volume estimates in the 
epochs before 2020.

4. Undisputed Country Territorial Authority Assumption: This assumption is inherent in the 
top-down GHSL POP information production. It surmises that a census accurately enumer
ates the residents in a specific area. However, factors such as occupied territories, conflicts, 
territorial disputes, nomadic communities, ethnic segregation, and large refugee flows can 
introduce substantial distortions in the baseline input data and in the resulting population 
estimates.

5. Residential Population Assumption: This assumption limits the suitability of the GHS-POP for 
estimating daytime population concentration in leisure, commercial, or working places. It is 
designed to estimate residential populations, not transient or daytime populations.

6. Unused Building Stock = 0 Assumption: This can also be expressed as the ‘infinite market 
efficiency assumption’. It assumes that all the BU surfaces observed from EO imagery are 
used, thus ignoring abandoned or unused building stock in the populated units, or imposing 
population in confirmed BU surface allocated in unpopulated units. Depending on local market 
and population conditions (demography, migration), this may generate inflation of the built-up 
per capita indicators.

8. Conclusions

The GHSL R2023 introduces revolutionary new methodologies and data availability at global scale, 
significantly enhancing the accuracy of the information extracted from EO data, particularly 
Sentinel-2 imagery. The globally available data is the first of its kind: it offers 10 m resolution 
sub-pixel built-up surface, it provides the first globally available residential and non-residential 
classification, as well as the first global building height database supported by Sentinel-2 imagery. 
Moreover, the new GHSL provides the first global multi-temporal built-up information product 
integrating multi-platform EO data collected by Landsat and Sentinel sensors.

Enhanced information from Sentinel-2 data and advanced spatio-temporal modeling, which 
incorporates city WUP data has greatly improved residential population estimates, time-series 
population predictions, and spatial resolution.

The GHSL R2023 data underwent validation using three primary independent reference sources: 
visual interpretation of Sentinel-2 imagery by professional photo-interpreters (one million 
samples), crowdsourced VHR imagery from Bing and Google (50 000 samples), and a quasi-global 
set of vector data delineating building footprints. Accuracy measures demonstrate GHSL R2023 
high performance over all other considered data sources in providing global land cover and land 
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use information on human settlements. At a 10 m resolution, it has a 92% accuracy for distinguish
ing between built-up and non-built-up classes, and a 99% OA for discerning between residential 
and non-residential built-up. Notably, IoU scores over double in identifying water surfaces in 
urban environments, compared to the second-best, WORLDCOVER (2021). In the continuous 
100 m resolution, GHSL R2023 excels globally in predicting built-up surface for both a fixed 
year (2010) assessment and a multi-temporal assessment for 1975-2020. It also stands out in pre
dicting average building height, particularly in areas constructed after 2010, the approximate 
year when the available global DEMs were last updated.

Vulnerable areas such as low-income countries and refugee camps are where there is need for 
reliable and consistent information. In low-income countries, the accuracy of the GHS-BUILT 
R2023 outperforms the second-best WSF2019 (2021) by 35% and the last R2019 release by 57%, 
whereas in refugee camps, it surpasses the second-best WSF2015v2 (2023) by 39% and the last 
R2019 release by 96%. It is worth noting that these achievements were made possible using com
putationally simple yet effective modeling as linear regression and SML. According to these 
findings, SML can either discover new, ‘out-of-the-sample’ human settlements information with 
high accuracy, or significantly improve the ones available.

GHS-POP R2023 also outperforms other available data sources. Indeed, it is the best available source 
of resident population, producing a 38.1% lower RMSE compared to the best non-GHSL model (WPC).

The GHSL data products spanning from 1975 to 2020 allow to appreciate the global population 
surge from 4 to 8 billion, which has triggered a sevenfold expansion in built-up surfaces and a con
sistent upward trend in per capita footprint, with stark disparities evident between high-income and 
low-income countries. The built-up surface change rate for 2000-2020 observed in the new GHSL 
aligns with median SSP2 and SSP5 projections, diverging from the sustainability pathway (SSP1). If 
this trend persists, the built-up surface in 2100 will be 4.7 times larger than that of 2000, raising 
sustainability concerns.

Three noteworthy points emerge from our discussion. First, even though we GHSL R2023 has 
made significant progress and introduced substantial innovations, there are numerous challenges 
that must be addressed in the future. For instance, innovative concepts such as fBU and NRES 
have been introduced, many important aspects are a prototype that needs further development. 
Two important examples are related to GHSL applications for disaster and crisis management: 
the ability to generate distinct fine-scale population predictions for day- and night-time (Freire, 
Florczyk, and Ferri 2015), and the capability to predict infrastructural damage and estimate refugee 
populations using integrated open EO data analytics (Corbane et al. 2016).

Second, the emergence of new near-global vector data delineating building footprints from VHR 
could revolutionize GHSL. These data could soon be harnessed for future model enhancements, 
significantly improving accuracy. Furthermore, they could catalyse a change in the GHSL infor
mation paradigm, from a multi-resolution and multi-temporal raster data cube system to a hybrid 
raster-vector system design.

Finally, the accuracy and effective international decision support of GHSL could attract the inter
est of scientists and policymakers. The methodological solutions of GHSL could serve as a blueprint 
for AI designs to foster transparent human dialogue and consensus. This approach, advocating for 
open science, stands in contrast with the enforcement of black box technological solutions and is 
key in tackling complex human-related problems.

Notes
1. Group on Earth Observations (GEO) GEOSS Data Sharing Principles post 2015.
2. Directive (EU) 2019/1024 of the European Parliament and of the Council of 20 June 2019 on open data and 

the re-use of public sector information PE/28/2019/REV/1.
3. ‘Repeatability of measurements’ here refers to the ability to repeat measurements made on the same subject 

under identical conditions, and shall be distinguished from the ‘reproducibility of the experiment’ concept 
common in scientific literature. In case of measurements supported by a supervised classification, 
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repeatability implies that the same input data (images, training set) and same inferential system should 
produce always, e.g., the exact same built-up surface estimates. By construction, this propriety is not 
fully satisfied by classification methods requiring stochastic iterative processes for convergence to a 
given inferential solution.

4. The urban environment is connoted by high mixture of impervious heterogeneous materials (clay, stone, con
crete, asphalt, metal, plastic, and glass among many), vegetation, soil, and shadow/water low spectral reflec
tance components at a global mean scale of 10 meters as measured by spatial autocorrelation techniques from 
VHR data (Small 2003).

5. CORINE land cover, Part One – Methodology https://www.eea.europa.eu/publications/COR0-part1/download
6. With 30×30 m = 900 m2 change resolution.
7. Quantized to 1 m2 change resolution.
8. The International Seminar on Urban Form (ISUF) glossary ‘Morphotope’ https://www.urbanmorphology. 

org/glossary.html
9. The European Union, the Food and Agriculture Organization, the International Labour Organization, the 

Organisation for Economic Co-operation and Development, the United Nations Human Settlements Pro
gramme, and the World Bank.

10. Blue, green, red, and near-infrared.
11. They are one closing top-hat with structuring element (SE) of 30×30 m size, and three opening top-hat of 

increasing size of the structuring element: 30×30 m, 50×50 m, and 100×100 m.
12. Established cultural practices in Asia associate the blue component of the roof to non-residential use of the 

buildings.
13. Google open buildings, 2023. URL: https://sites.research.google/open-buildings/
14. Microsoft global machine learning footprints, 2023. URL: https://github.com/microsoft/GlobalMLBuilding 

Footprints
15. Ecopia.AI and Maxar Technologies. 2020. Digitize Africa data. URL: http://digitizeafrica.ai
16. United Nations, The Sustainable Development Goals Report (2019), regional groupings https://unstats.un. 

org/sdgs/report/2019/regional-groups/
17. World Bank Country and Lending Groups (2021-2022) https://datahelpdesk.worldbank.org/knowledgebase/ 

articles/906519-world-bank-country-and-lending-groups
18. Namely: non-built-up land (NBU_LAND), non-built-up water (NBU_WATER), built-up residential 

(BU_RES), and built-up non-residential (BU_NRES).
19. UNHCR, 2023. Geoservices. https://data.unhcr.org/en/geoservices/ Accessed: 1 May 2023.
20. Derived from The Construction Wiki, ‘Building Height’.
21. Derived from the Infrastructure for Spatial Information in Europe (INSPIRE) ‘Residential use’ definition.
22. Derived by EMN from Art. 2(d) of Regulation (EC) No 763/2008 (Population and Housing Censuses 

Regulation).
23. Art. 2(1) of Regulation (EC) No 862/2007 (Migration Statistics Regulation).
24. Derived from B.1.463 ’Concepts related to place of residence’ Principles and Recommendations for Population 

and Housing Censuses (Revision 2). United Nations Department of Economic and Social Affairs, Statistics 
Division. 2008.

25. The Degree of Urbanisation, a new global definition of cities, urban and rural areas: https://ghsl.jrc.ec.europa. 
eu/degurba.php

26. this is the place for Figure 1 related to Q1
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