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Defining urban and rural areas is crucial for assessing the accessibility of services and opportunities that impact
people worldwide. The Degree of Urbanisation framework, endorsed by the UN Statistical Commission, primarily
uses population grids to classify areas through a harmonised, population-centric approach, enabling interna-
tional comparisons. However, variations in the distribution of population counts at the grid-cell level across
different population datasets can significantly influence the resulting patterns. We applied the Degree of Ur-
banisation to 16 countries in Africa and the Caribbean, using four population grids to evaluate these effects. It
shows that differences primarily occur in the classification of urban cluster. On average, 27.5 % of the population
falls into mixed classes, with 17.5 % in mixed rural and urban cluster areas and 7.8 % in mixed urban cluster and
urban centre areas. Population grids that only model populations within satellite-detected settlements show
limited disagreement, with mixed rural and urban cluster population classifications decreasing by 5.6 percentage
points and mixed urban cluster and urban centre populations by 1.4. Population modelling approaches that
distribute populations more broadly, including outside of detected built-up areas, substantially reduce settlement
identifications, resulting in 42.3 % fewer urban centres and 66.2 % fewer dense urban clusters than the average
across the study countries. Our analyses highlight the potential sensitivity of Degree of Urbanisation to gridded
population modelling assumptions and provide guidance on its implementation.

1. Introduction countries, based on population size, density, economic function,

administrative boundaries, and infrastructure. For example, Denmark

Defining and delineating urban areas, as well as characterizing the
entire rural-urban continuum, is essential for effective urban planning,
resource allocation, decision- and policy-making. For example, both
planners and geographers need it to map population (Rozenfeld et al.,
2008), organise and design transport systems (El-Bouayady et al., 2024),
characterise LULC changes (AlDousari et al., 2022; Shohan et al., 2024)
and make comparisons across cities and countries (Taubenbock et al.,
2024). The UN World Urbanisation Prospects (United Nations, 2019a)
offers a comprehensive overview of global urbanisation trends, high-
lighting the significant variations in “urban” definitions across
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uses a population size threshold of 200 inhabitants to define urban areas,
while in Japan an urban area is defined by having a population of at least
50,000 inhabitants, with over 60 % of households engaged in commerce,
services, or manufacturing. Moreover, 37 countries (including India,
Bangladesh, Russia, Tanzania and Zimbabwe) use agricultural employ-
ment shares in their national urban definition, making it impossible to
reliably monitor the changes of agricultural employment in such urban
and rural areas, as fluctuating agricultural employment may cause areas
being reclassified to a different class.

Definitions of cities are typically aligned with local administrative
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units (LAUs), such as in the Rural-Urban Continuum Codes (Butler,
1990) and the Urban Influence Codes (Ghelfi & Parker, 1997), devel-
oped and used by the US Department of Agriculture to distinguish
metropolitan from non-metropolitan counties. Additionally, munici-
palities can be designated as urban areas by administrative decree, such
as in Brazil and China. There are also many academic urban definitions,
mainly based on density measures (De Bellefon et al., 2021; Niu & Silva,
2021), extent of built-up area (Almulhim et al., 2024; Angel et al., 2016),
classification of satellite imageries (Alajizah & Altuwaijri, 2024), or
complex agglomeration indexes (Uchida & Nelson, 2010) — most of
which are applied to a single country or to an exogenous and
unharmonised list of cities, and therefore are not globally applicable.
This diversity of definitions and LAUs with various shapes and sizes
across countries hinders the possibility of performing consistent and
comparable urban analyses at the global scale, especially considering
that LAUs can change over time within the same country, leading to
further inconsistencies in comparative analysis (Taubenbock et al.,
2022).

The 2030 Agenda for Sustainable Development requires reporting of
progress towards the Sustainable Development Goals (Klopp & Petretta,
2017; Moyer & Hedden, 2020) and comparison of socio-economic
conditions for urban and rural regions separately (Menon et al., 2000;
Stanny et al., 2021), which in turn has highlighted the need for a
globally harmonised definition of rural-urban typologies and the
development of new cross-national methods. To this end, the Degree of
Urbanisation (Dijkstra et al., 2021; European Commission: Eurostat,
2021) (DEGURBA) was initiated and developed by the European Union,
the Food and Agriculture Organization of the United Nations (FAO), the
International Labour Office (ILO), the Organization for Economic Co-
operation and Development (OECD), UN-Habitat and the World Bank
in 2016, and endorsed by the United Nations Statistical Commission
(UN-SC) in 2020 (United Nations Statistical Commission, 2020). The
DEGURBA approach uses primarily population density and population
size to categorise 1 km grid cells as urban centre grid cells, urban cluster
grid cells, and rural grid cells. Adopting grid cells as its base unit (instead
of LAUs) to define a cross-national methodology can minimize the
impact of substantially different LAUs in terms of shape and size across
countries (Hijmans, 2009; Runfola et al., 2020) (i.e., the Modifiable
Areal Unit Problem (Openshaw, 1984); MAUP), facilitating interna-
tional statistical comparisons. Beside population density and size,
DEGURBA uses grid cell class contiguity to form clusters of adjacent grid
cells sharing a minimum density and having a total cluster population
size, which determines, according to different criteria, their DEGURBA
class. An urban centre is defined as contiguous grid cells with a density
above 1500 residents per km? of permanent land and at least 50,000
people within the centre; an urban cluster is defined as contiguous grid
cells with a density above 300 residents per km? of permanent land and
at least 5000 people in the cluster; and rural areas are all grid cells with a
density below 300 residents per km? of permanent land and all the other
grid cells outside urban clusters and centres. The DEGURBA methodol-
ogy proposes a more refined classification of the urban-rural continuum
with a nested second level classification delineating the outline of urban
centres, dense and semi-dense urban clusters (nested in the urban
clusters) and rural clusters (within rural areas) (European Commission:
Eurostat, 2021).

According to this definition, the DEGURBA methodology relies
heavily on the input 1 km gridded population dataset, which in turn can
vary significantly based on the type of population data and modelling
strategy used to produce it (Leyk et al., 2019). Despite a difference of 10
people per km? may be negligible for many applications, such varia-
tions, if close to the pre-defined population density thresholds of the
DEGURBA, can significantly influence the resulting settlement classifi-
cation and consequently the policy decisions informed by it. However,
there have been limited investigations of these variations on the
DEGURBA outputs, especially for low- and middle-income settings,
where the availability of recent, detailed, and reliable small area
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demographic data, to support the production of accurate gridded pop-
ulation datasets, is often lower than in other settings worldwide
(Mikkelsen et al., 2015; Pesaresi et al., 2024; Randall & Coast, 2016).

Here, we assessed the uncertainty of the DEGURBA approach by
using four different gridded population datasets, including a set of 1)
WorldPop Bespoke National (WPB) datasets, 2) Constrained WorldPop
Global (WPC) datasets, 3) Unconstrained WorldPop Global (WPU)
datasets, and 4) Global Human Settlement multitemporal population
grid (GHS-POP) datasets. First, we conducted a comparison at the grid
cell level to assess the uncertainty of population share by DEGURBA
using different population datasets. Second, we examined the spatial
entities identified by different population datasets in terms of quantity,
area, and population. Third, we quantified and analysed the uncertainty
inherent in the DEGURBA approach. The analysis was conducted on a
selection of 16 countries (see Fig. 1): Burkina Faso (BFA), Cameroon
(CMR), DR Congo (COD), Dominican Republic (DOM), Ghana (GHA),
Guinea (GIN), Mali (MLI), Mozambique (MOZ), Namibia (NAM), Niger
(NER), Nigeria (NGA), Senegal (SEN), Sierra Leone (SLE), South Sudan
(SSD), Uganda (UGA), and Zambia (ZMB).

2. Data and methods

In this section, we first provide a detailed description of the study
population datasets, and the auxiliary data used to produce DEGURBA
outputs alongside each grid population dataset. Then, we outline the
harmonisation process applied across the study population datasets. It
ensures consistency and comparability in the DEGURBA outputs by
aligning datasets with varying spatial resolutions, coordinate reference
systems, and national boundaries.

2.1. Data collection

2.1.1. Gridded population datasets

The main data inputs consist of the four 2020 gridded population
datasets used to produce the DEGURBA outputs for testing the
DEGURBA sensitivity to varying gridded population dataset inputs; they
are described below.

GHS-POP (https://human-settlement.emergency.copernicus.eu/ghs
_pop2023.php) depicts the residential population at global level
(Schiavina et al., 2023) derived from a population dynamics model
combining the administrative unit-based population counts, collected
and used by the Center for International Earth Science Information
Network (CIESIN) for producing the Gridded Population of the World
(GPWv4.11), and two ancillary population time series (i.e., the UN
World Population Prospects 2022 and the UN World Urbanisation
Prospects 2018 population time series at country and urban agglomer-
ation levels) (Freire et al., 2018; Pesaresi et al., 2024). Population counts
are disaggregated from administrative units to 100x100m and 1x1km
grid cells, informed by the distribution of residential built-up volume as
mapped in the Global human Settlement Built-up volume grid (GHS-
BUILT-V, Pesaresi and Politis (2023)). The 2020 1x1km resolution
version, in a Mollweide projection (ESRI:54009), was used in the
framework of this study.

Unconstrained WorldPop Global (https://hub.worldpop.org/geo
data/listing?id=69) is produced by using the administrative unit-
based population counts, estimates, and projections collected and used
by the CIESIN for producing the Gridded Population of the World
(GPWv4.11). Administrative unit-based population counts, estimates
and projections are disaggregated to ~100x100m grid cells using the
Random Forest-based approach described in Stevens et al. (2015) and
Sorichetta et al. (2015). The term ‘unconstrained’ refers to the
assumption that no settlement dataset is accurate enough to identify all
residential settlements/buildings globally and therefore, although used
as a covariate in the Random Forest model, the settlement map is not
used as a mask to set predicted population numbers to zero in areas
without mapped settlements. The 2020 3 x 3 arc-second resolution
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Fig. 1. The 16 study countries. These countries are selected due to the potential high variability of the available gridded population datasets and the lack of official
gridded data. Noting that only four provinces of DR Congo were included in this study due to the availability of WorldPop bespoke datasets. Source: The base map is
Esri Terrain; the national boundaries are published by the UN World Food Programme. The outputs of the Degree of Urbanisation using different population datasets

can be found in Supplementary Information Section A.

version, in a GCS-WGS84 projection (EPSG:4326), was used in the
framework of this study.

Constrained WorldPop Global (https://hub.worldpop.org/geo
data/listing?id=79) uses the same population data used to produce
the Unconstrained WorldPop Global datasets but uses additional
satellite-derived building footprint data (Ecopia.Al & Maxar Technolo-
gies, 2020) as a mask for 51 African countries, and the outputs of a built
settlement growth model for the remaining countries (Nieves et al.,
2020)  (https://hub.worldpop.org/project/categories?id=15).  The
Random Forest based modelling approach (Stevens et al., 2015) is then
applied to disaggregate population to only those grid cells identified as
settled. The 2020 3 x 3 arc-second resolution version, in a GCS-WGS84
projection (EPSG:4326), was used in the framework of this study.

WorldPop Bespoke National (https://wopr.worldpop.org/?/Pop
ulation) represents a collection of bespoke national estimates pro-
duced in collaboration with governments. These represent a mixture of
top-down and bottom-up models, each tailored to the needs and data
availability of the corresponding country. For the top-down models,
these are typically disaggregation of recent censuses or national pro-
jections using the Random Forest-based approach referenced above. For
the bottom-up models, these are based on either field data collection of
small area ‘microcensus’ data, recent household surveys, or incomplete
census data. The models built for each country utilise geospatial cova-
riates including building footprints to estimate populations for 3 x 3 arc-
second grid cells with complete national coverage, in a GCS-WGS84
projection (EPSG:4326). Details on the type of bespoke method used
for each country can be found in Table 1. Note that a hybrid approach
(Wardrop et al., 2018) was used for Ghana and Guinea. Specifically, it
used household-level survey data, which do not have full coverage of the

country, and projected census totals to constrain population estimates.

2.1.2. Auxiliary data

In addition to the population data, gridded national boundaries are
required to provide a common extent for each country, for this purpose
the openly accessible rasterised boundaries (https://hub.worldpop.org
/geodata/listing?id=62), in a GCS-WGS84 projection (EPSG:4326),
with a spatial resolution of 3 x 3 arc-second, used during the production
of the WorldPop population datasets were employed. The second
auxiliary input is a land share grid describing the proportion of water
and land in each grid cell. The land/water grid (Woods et al., 2024), in a
GCS-WGS84 projection (EPSG:4326) with a spatial resolution of 3 x 3
arc-second, used in the production of the WorldPop population datasets
was used for producing the DEGURBA outputs based on WorldPop's
population data. In contrast, the DEGURBA outputs based on GHS-POP
were produced using the GHS-LAND layer embedded in the GHS-DUG
tool.

2.2. Implementation of degree of urbanisation

All gridded national boundary datasets were first projected to the
Projected Coordinate Reference System (PCRS) Mollweide (ESRI:54009)
and then resampled to 1 km spatial resolution. This is the required
format by the GHS-DUG tool (Maffenini, Schiavina, Melchiorri, et al.,
2023). The land grid is also projected to the same PCRS and converted
from a binary presence-absence grid to a raster dataset showing the land
share of each grid cell of the 1 km gridded national boundaries (Fig. 2).
This is important so that during the running of the GHS-DUG tool with
WorldPop population datasets later, populations are allocated correctly
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Table 1

WorldPop Bespoke National models by country.

Country

Details of WorldPop bespoke

Africa

Burkina Faso

Caribbean

Cameroon

DR Congo

Ghana
Guinea
Mali

Mozambique

Namibia
Niger

Nigeria

Senegal

Sierra Leone

South Sudan

Uganda

Zambia

Dominican
Republic

Bottom-up model based on both census
enumeration in 2019 and statistical modelling,
where enumeration was not feasible.

Bottom-up model based on listings from household
surveys.

Bottom-up model for 12 of the 26 provinces based
on three rounds of micro-census surveys in 2017,
2018 and 2021.

Hybrid model

Hybrid model

Bottom-up model based on a combination of total
population counts at enumeration area level and
modelled population counts created using a
Bayesian statistical model for areas that could not
be covered by the cartography team because of
security issues. The main input data for the model
are the cartography data collected in the safe part
of the country in 2019-2020.

Top-down model based on the projected 2022
population totals for Districts derived from the
2017 Population and Housing Census.

Not available in WorldPop Bespoke National data
Top-down model based on Digital Commune
boundary and official projected population totals
for 2021 based on the 2012 Population and
Housing Census.

Bottom-up model generated using an approach
that linked population, observed at 1142 micro-
census survey locations collected in 2016-2017.
Top-down model based on the official projected
population totals for 2020 derived from the 2013
Population and Housing Census.

Top down based on the 2015 Population and
Housing Census.

Top-down model based on projections from the
2008 Population and Housing Census adjusted for
displacement and accounting for refugee camps.
Top-down model based on official projections for
2022 based on the 2014 Population and Housing
Census.

Bottom-up model based on household listing from
three surveys in 2017, 2018 and 2019.

Not available in WorldPop Bespoke National data

:] Input

I:l Output
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within grid cells with available land area (i.e., grid cells partially
covered by water or partially belonging to a neighbouring country can
only receive population counts proportionally to the available land
share).

For each country, each population grid is subjected to a slightly
different harmonisation process to ensure that all four grids are consis-
tent in terms of spatial resolution, extent, alignment and population
total, enabling comparability of the derived DEGURBA outputs. Fig. 2
gives an overview of the workflow carried out for each input population
grid.

As a first step all three population grids from WorldPop were pro-
jected to the PCRS Mollweide (ESRI:54009) using the volume preserving
POPWARP v3 tool (Maffenini, Schiavina, Carneiro Freire, et al., 2023),
with the corresponding gridded national boundary dataset set as the
target grid to ensure the spatial alignment of the three output grids.
GHS-POP is supplied already in the Mollweide projection (ESRI:54009).
For large countries this step proves processing intensive and has to be
carried out on a High Performance Cluster (HPC). The HPC was used for
Mozambique, Nigeria, Sierra Leone, South Sudan, Uganda, Mali,
Namibia, Senegal and DR Congo. In these cases, the built-in option “snap
and warp to target grid” of the POPWARP tool could not be used and the
population grid was projected to World Mollweide without the use of a
target grid.

The second step of the workflow, to ensure spatial alignment and
identical pixel extents of all population grids in the Mollweide projection
(ESRI:54009), consists into extracting and snapping all population grids
to the exact extent of the corresponding gridded national boundary.

The third step only applies to the Unconstrained WorldPop popula-
tion grid, which by construction should have population distributed
across all grid cells with available land share. However, due to the
different tools used to project and resample the Unconstrained World-
Pop population grid and the WorldPop land/water grid (i.e., POPWARP
for the population grid vs. manual project and aggregate for the land
share grid), this condition is no longer maintained across the full extent
of the study area. Therefore, in such cases, unpopulated grid cells with
available land share are “nibbled” to replace the NoData with valid
values of their nearest neighbours.

The fourth step is carried out for all three WorldPop population grids
and sets populated grid cells to NoData, where there is no land available
according to the corresponding land share grid. Also in this case, such
mismatch is due to the different tools used to project and resample the

FillNoData wnm.

Unconstrained WP Global (1 km)

Filled Unconstrained WP Global (1 km)
Mollweide (EPSG:54009)

(0;1) Water Mask Raster (3 arcsec)
GCS WGS84 (EPSG:4326)

Mollweide (EPSG:54009) ‘\

(1;NoData) National Boundary Raster (3 arcsec)
GCSWGS84 (EPSG:4326)

Constrained WP Global (1 km)
Mollweide (EPSG:54009)

Reproject by Nearest Neighbour

(1;NoData) National Boundary Raster (100 m)

Mollweide (EPSG:54009)

| WP Bespoke National (1 km)
Mollweide (EPSG:54009) '\

Aggregate to 1km by Sum

Reclassify (Values =0 > 1; Values=1-> 0)

(0;1) Land Mask Raster (3 arcsec)
GCS WGS84 (EPSG:4326)

Set Population to
Null where Land
Share =0

Reproject by Nearest Neighbour

(0;1) Land Mask Raster (100 m)
Mollweide (EPSG:54009)

(0-100) National Boundary Raster (1 km) |

Mollweide (EPSG:54009)

GHS-POP (1km)

Reclassify (Values = 0 - NoData; Values >0 > 1)

Mollweide (EPSG:54009)

(1:NoData) National Boundary Raster (1km) |input Mask

Aggregate to 1km by Sum

(0-100) Land Share Raster (1 km)
Mollweide (EPSG:54009)

r

Mollweide (EPSG:54009)

(to remove

snap

GHS-POPWARP

Unconstrained WP Global (3 arcsec)
GCS WGS84 (EPSG:4326)

pixels where NoData)

populated

GHS-POP (1km)
Mollweide (EPSG:54009)

WP Bespoke National (1 km)
Mollweide (EPSG:54009)

Constrained WP Global (3 acrsec)
GCS WGS84 (EPSG:4326)

WP Bespoke National (3 arcsec)
GCS WGSB84 (EPSG:4326)

Constrained WP Global (1 km)
Mollweide (EPSG:54009)

|

Unconstrained WP Global (1 km)
Mollweide (EPSG:54009)

Land corrected, filled Adiust to UN adjusted, Land Corrected, Filled
Unconstrained WP Global (1 km)  [7ER==Te Unconstrained WP Global (1 km)
Mollweide (EPSG:54009) Mollweide (EPSG:54009)
Land corrected WP Bespoke Adjust to UN adjusted, Land Corrected WP
B National (1 km) UNTtotals Bespoke National (1 km) GHS-DUG
Mollweide (EPSG:54009) ) Mollweide (EPSG:54009)
Land corrected Constrained WP Adiust to UN adjusted, Land Corrected
s Global (1 km) N Tohi c WP Global (1 km)
Mollweide (EPSG:54009) ) Mollweide (EPSG:54009)
(Toolintomot Lana Degres of Uanisation
Share Raster) (L)

Fig. 2. Harmonisation process of population grids as preparation for production of Degree of Urbanisation.
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Unconstrained WorldPop population grids and the WorldPop land/
water grid.

The fifth step consists in adjusting, by proportional redistribution,
the value of each populated pixel to match the 2020 UN national total
(United Nations, 2019b). This is done to ensure that differences in the
DEGURBA outputs are solely due to different distributions of the same
population total, and not to different distributions of different popula-
tion total.

Finally, the GHS-DUG v6.1 tool is run with each harmonised popu-
lation grid as input to obtain comparable DEGURBA grids and spatial
entity vector datasets. As already mentioned in section 2.1.2, for GHS-
POP the land layer internal to the GHS-DUG tool is used, while for the
three WorldPop population grids the land share grid, derived from the
WorldPop land/water grid used during the production of the WorldPop
population grids, is applied.

3. Results
3.1. Degree of urbanisation profile

When using the four different types of gridded population datasets to
produce the DEGURBA outputs, each single grid cell, within the four

DEGURBA output datasets, falls into one of the seven classes shown in
Fig. 3a, including 1) Urban Centre by all datasets; 2) Urban Cluster by all

a Population datasets

[N S

l:> Mix rural and urban centre —»
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datasets; 3) Rural by all datasets; 4) Mix of rural and urban centre,
classified as both rural and urban centre by different datasets; 5) Mix of
rural and urban cluster, classified as both rural and urban cluster by
different datasets; 6) Mix of urban cluster and urban centre, classified as
both urban cluster and urban centre by different datasets; and 7) Mix of
all three classes, where the grid cell is classified as rural, urban cluster,
and urban centre simultaneously by different datasets.

The respective population shares by DEGURBA using different pop-
ulation datasets are shown in Fig. 3b. The difference in the total share of
urban centre and urban cluster population between WPB and WPC is
modest, with an average of 3.6 (IQR: 1.4 to 5.6) percentage points dif-
ference, indicating a high degree of similarity between the two models.
GHS-POP generally returning the highest urban centre and urban cluster
total populations. On average, GHS-POP returns 9.5 (IQR: 6.2 to 11.7)
percentage points above the combined average of WPB and WPC. The
most extreme county is South Sudan where GHS-POP returns 25 per-
centage points over the combined average of WPB and WPC. In contrast,
WPU produces the lowest population shares for urban centre and urban
cluster in almost all the countries. On average, WPU leads to a popula-
tion share that is 11 (IQR: 7 to 13.6) percentage points below the
combined average of WPB and WPC. The most extreme country is still
South Sudan where WPU leads to a population share that is 38 per-
centage points below the combined average of the WPB and WPC.

Fig. 3c illustrates the agreement between the DEGURBA outputs

Mix urban centre and urban cluster

v

Urban centre —» < Urban cluster

<— Mix rural and urban cluster
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b
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Fig. 3. Country specific Degree of Urbanisation results produced from different population datasets. a. Illustration of seven classes a single grid cell can fall
into when using different population datasets to produce Degree of Urbanisation. b. Population shares by Degree of Urbanisation within each country using different
population datasets. c. Population shares by Degree of Urbanisation based on the seven grid classes using the four population datasets. d. Population shares by Degree
of Urbanisation based on the seven grid classes using three population datasets without Unconstrained WorldPop Global. WPB is WorldPop Bespoke National, WPC is
Constrained WorldPop Global, WPU is Unconstrained WorldPop Global, and GHS is GHS-POP.
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obtained using the four gridded population datasets in terms of popu-
lation shares. In these 16 countries, the share of population in mixed
classes is 27.5 percentage points on average with IQR 20.9 to 33.8
percentage points. Most disagreements happen in mix rural and urban
cluster with 17.5 (IQR: 11.7 to 23.2) percentage points on average,
notably making up for Nigeria's 45.1 million (23.4 percentage points)
and Uganda's 11.9 million inhabitants (27.5 percentage points). The
second large disagreements appear in mix urban cluster and urban
centre with 7.8 (IQR: 4.2 to 11.2) percentage points on average. This
shows relatively higher sensitivity of DEGURBA in defining urban
cluster when comparing the outputs produced using the four different
gridded population datasets.

Fig. 3d shows a reduction in the proportion of mixed categories when
WPU is excluded. On average in these 16 countries, the share of popu-
lation in mixed classes is 18.9 percentage points which is 8.7 percentage
points lower than using all four population datasets. Mixed classes like
mix rural and urban cluster and mix urban cluster and urban centre
decrease 5.6 (IQR: 3.7 to 7.9) and 1.4 (IQR: 1.2 to 3.3) percentage points
on average, respectively. For example, in Nigeria, mix rural and urban
cluster reduces from 23.4 percentage points to 18.5 percentage points of
the total population. Mix of all three classes is even further reduced to a
negligible proportion, with the highest 1.1 (14.3 with WPU) percentage
points in South Sudan across the 16 countries. The reduced presence of
mixed classes indicates that, without WPU, the different DEGURBA
output datasets align more closely to each other, leading to a clearer
separation of grid cells into distinct urban centre, urban cluster, and
rural classifications. This suggests, in turn, less variability of the
DEGURBA outputs produced using constrained gridded population
datasets.

High landscape agreement
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081 \O

Guinea Mali

High population shares agreement
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3.2. Uncertainty quantification and analysis

In addition to the population share by DEGURBA, the landscape of
DEGURBA using different population datasets may also be different even
with the same area shares by DEGURBA. For example, there are two
urban centre (red) grid cells in WPB and WPC as shown in Fig. 3a, but
these urban centre grid cells are not at the same place, resulting in two
different DEGURBA landscapes. In Fig. 4, we represent the uncertainty
of landscapes and population shares using the positions of national dots
on Cartesian axes. The analysis of uncertainty in DEGURBA classifica-
tions reveals distinct patterns among countries when including or
excluding WPU. In general, South Sudan exhibits high sensitivity to the
gridded population dataset of choice regarding both the resulting pop-
ulation shares and urbanisation landscape. In contrast, countries such as
Namibia and Mali have stable DEGURBA classifications, showing min-
imal sensitivity to the gridded population dataset of choice. Most
countries, like Nigeria and Guinea, show high variability in the resulting
population shares, with moderate to high agreement in the resulting
urbanisation landscape.

Excluding WPU significantly reduces uncertainty across most coun-
tries, resulting in more stable classifications. Nigeria's uncertainty in
terms of population shares decreases by approximately 64.7 %, and
Senegal's by 76.7 %. South Sudan experiences a dramatic reduction of
92.5 %, indicating its high sensitivity to WPU. Ghana shows a 44.8 %
reduction, confirming less variability in classifications when WPU is not
used. These changes suggest that, for most countries, removing WPU
enhances the stability of the DEGURBA classification and reduces its
sensitivity to the gridded population dataset of choice. However,
Namibia's increase of 60.8 % suggests some exceptions where WPU may
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Fig. 4. The overall nation-scale sensitivity of Degree of Urbanisation to different population datasets as input. Population shares disagreement refers to the
averaged difference between every two population distributions by Degree of Urbanisation using different population datasets. Landscape agreement refers to the
averaged agreement (measured by Cohen's Kappa coefficient) between population datasets to produce Degree of Urbanisation L1 categories at each grid cell. More
details and the national uncertainty measurements can be found in Supplementary Information Section B.
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provide stability. With respect to the urbanisation landscape sensitivity,
results are generally more consistent when implementing DEGURBA
with different population datasets apart from WPU. Indeed, when not
using WPU, Senegal's landscape agreement increases by 26.5 %, while
South Sudan shows a nearly 99 % increase. These increments confirm
that WPU may not be intrinsically suited for DEGURBA which relies on
population concentrations for the identification of different type of
settlements.

Among the 16 considered countries, the DEGURBA approach shows
the highest sensitivity to the gridded population dataset of choice for
South Sudan. Fig. 5 shows the town of Kapoeta, located in the Eastern
Equatoria State of South Sudan, where WPU predominantly classifies
grid cells as rural. This pattern extends across almost the whole South
Sudan, with WPU classifying about 99 % of grid cells as rural and <1 %
as urban, reflecting its limitations when used for implementing the
DEGURBA. In contrast, GHS-POP and WPC classified Kapoeta as a urban
centre, while the WPB, aligning with South Sudan official definitions,
categorized it as a urban cluster since it did not meet the 50,000-resident
threshold for an urban centre. The predominance of mixed classes in
South Sudan (see Fig. 3) reflects these classification discrepancies and
the challenges posed by using outdated population estimates and the
presence of widespread displacement (Jordan, 2018). These factors
contribute to high variability of the gridded population datasets and
highlight the unique challenges of accurately classifying settlements in
such a dynamic and evolving context.

Cities 166 (2025) 106293
3.3. Variation of spatial entities

The DEGURBA method, in particular the GHS-DUG tool, also gen-
erates spatial entities (i.e., vector polygons) based on the clusters of grid
cells of the same DEGURBA class. Fig. 6 compares the spatial entities
created by different population datasets with regards to quantity, area,
and population. GHS-POP generally shows the highest estimates for
urban areas, especially Urban Centres and Dense Urban Clusters, with
positive deviations from the average in quantity (64.0 %) and popula-
tion (32.8 %). In contrast, WPU frequently underestimates the quantity
of these urban clusters, with substantial negative deviations, such as
—42.3 % for Urban Centres and — 66.2 % for Dense Urban Clusters. For
Semi-dense Urban Clusters, WPC identifies a larger number of clusters,
with positive deviations of 26.8 % in quantity and 19.9 % in population,
while WPU assigns them the largest area (37.5 %) despite showing a
lowest cluster count (—30.3 %). Regarding Rural Clusters, WPB reports
the highest values, with positive deviations in quantity (39.6 %), area
(36.7 %), and population (38.6 %), whereas WPU again underestimates
with deviations of —73.8 % in quantity and — 71.5 % in population.
Overall, WPU distribute population over broader areas results in lower
representation of dense urban clusters. In contrast, GHS-POP and
WorldPop constrained models provide more consistent identification of
concentrated urban populations, while WPB better aligns with rural
distributions.

In Fig. 7, it is possible to observe that GHS-POP produces the most

Google Earth satellite image

Degree of Urbanisation Population

WorldPop Bespoke
National

Constrained WorldPop

a
S
o
2
S
=
°
@
o <
£
7]
c
8
c
2

GHS-POP

Fig. 5. Example maps for Kapoeta in southeastern South Sudan, demonstrating how using different population datasets can produce different Degree of
Urbanisation classifications. Red grids refer to urban centre; yellow grids refer to urban cluster; and green grids refer to rural in the Degree of Urbanisation. The
colour in the population column represents whether the population count at each grid meets the threshold for urban centre (inhabitants per km? > 1500, red), urban
cluster (300 < inhabitants per km? < 1500, yellow), and rural (inhabitants per km? < 300, green). The location of the area was represented by the red star in the inset
national map. The four population datasets estimate gridded population for the year of 2020, whilst the Google Earth satellite image was taken in 2023. Note: the
image has no impact on the results and is just for reference. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)
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Fig. 6. Impact of gridded population dataset choice on spatial entities in terms of quantity, area, and population across all countries. For each population
dataset, the y-axis represents the relative metric deviation in percentage from the corresponding mean referring to the urban centres, dense urban clusters, semi-
dense urban clusters, and rural clusters of all considered countries (each metric has been first calculated for each single country and then averaged across all
considered countries). The raw data can be found in Supplementary Information Section C.

Urban Centres around Ouagadougou, Burkina Faso. WPU identifies only
the largest Urban Centre cluster, whereas WPC and WPB each identifies
an additional Urban Centre cluster. This indicates that WPU is only able
to identify major metropolitan areas (i.e., city 1) due to its generally low
population estimates per grid cell. Consequently, fewer Urban Centres
are identified, though the overall population and area remain similar to
those identified by the other datasets. Additionally, WPU tends to pro-
duce more Semi-dense Urban Clusters. As a result, it consistently iden-
tifies significantly fewer Dense Urban Clusters and Rural Clusters in
terms of quantity, area, and population compared to the other three
gridded population datasets.

4. Discussion

The choice of focusing on GHS-POP and WorldPop gridded popula-
tion datasets is based on their unique advantages and capabilities
compared to the other available datasets, such as LandScan and GPW.
WorldPop's datasets cover a wide range of modelling techniques,
including census-independent methods, and those co-developed with
National Statistical Offices (NSOs), ensuring comprehensive and up-to-
date population estimates. GHS-POP use information about the distri-
bution, volume, and classification of built-up areas to redistribute
administrative unit-based population counts within built-up areas. Both
WorldPop and GHS-POP provide consistent and well-documented
methodologies for their datasets production, allowing us to explore
any observed differences in their DEGURBA outputs. LandScan is
excluded because it primarily captures ambient populations rather than
actual residential populations (Dobson et al., 2000), and its documen-
tation on inputs and methods is somewhat limited (Rose & Bright,
2014), making it challenging to discern the underlying drivers of any
observed differences in our context. Similarly, GPW's simple areal

weighting approach does not incorporate the distribution of built-up
areas (CIESIN, 2017), which can result in less accurate representations
of residential populations in both urban and rural contexts. Our used
WorldPop Unconstrained Global dataset also did not restrict population
to be redistributed to built-up area only, but the population distribution
across cell is informed by several proxy layers making it more repre-
sentative than GPW. These factors led us to focus on GHS-POP and
WorldPop datasets, which better capture the nuances of residential
population distribution for our analysis.

DEGURBA shows less sensitivity with respect to the use of WPB,
WPC, and GHS-POP datasets, with relatively high agreement among the
corresponding results. These results generally align closely, resulting in
minimal variation across different types of settlements. Besides, the
similarity between WPB and WPC in producing DEGURBA results sug-
gests that DEGURBA is relatively insensitive to the methodological
variations used in producing constrained gridded population datasets.
This consistency, in turn, highlights their suitability to be used for
implementing the DEGURBA, as they provide a robust basis for settle-
ment identification and classification without significant discrepancies.
Rural Clusters, in particular, show near-identical classifications across
the three constrained datasets, highlighting DEGURBA's stability in
classifying well-defined settlement types. Even for transitional areas,
such as dense urban clusters and semi-dense urban clusters, DEGURBA
generally produce similar classification results, regardless of the con-
strained dataset of choice. This overall consistency highlights DEGUR-
BA's reliability and demonstrates that it can produce stable settlement
patterns that are not highly dependent on the specific constrained
gridded population dataset of choice, making it a valuable tool for urban
and rural analysis.

In contrast, the results obtained using WPU consistently deviates
from the ones obtained using the constrained datasets. Compared to the
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Fig. 7. The spatial entities around Ouagadougou, Burkina Faso identified by the four population datasets. The spatial entities are labelled based on the Urban
Centres, i.e., cities, identified by GHS-POP. City 1 is Ouagadougou, the capital of Burkina Faso.

study constrained datasets, WPU allocates populations more broadly
within the whole study area without constraining it to built-up areas
(Lloyd et al., 2019; Stevens et al., 2015). This broad distribution may
lead to the misclassification of urban centres as rural, particularly when
the urban clusters just above the thresholds. Such misclassifications
highlight the limitations of using datasets reallocating population
without the consideration of built-up areas for implementing DEGURBA.
The smoothing effect characterizing the population distribution depic-
ted by the WPU datasets makes them less suited for identifying smaller
settlements based on population density, which is crucial for DEGUR-
BA's classification.

On the other hand, if a settlement is not detected by the constrained
approach, there will be missing predicting population at all in these
places and overestimates numbers in those settlements that were
detected as a result. This may lead DEGURBA to has more urban centres
or urban clusters, and the small rural settlements will be missed. The
constrained population datasets may use different settlements into
which population is disaggregated. GHSL settlement is derived from
Sentinel-2 composite and Landsat satellite imageries (Pesaresi et al.,
2024), while WorldPop settlement is derived from building footprints
which were extracted by Ecopia.Al using satellite imagery provided by
Maxar Technologies (Ecopia.Al & Maxar Technologies, 2020). The set-
tlement layers were mainly produced by interpreting satellite imageries
instead of field surveys, meaning the population counts could be less
accurate in areas or countries where there are insufficient imageries to
detect settlements. Particularly the building footprint data were pro-
duced from satellite imagery from a mosaic of dates, and that for some
areas the imagery may be many years old and therefore missing recent
development. Additionally, built-up detection fails in places like Bra-
zilian Amazonia as most of settlements are below tree canopy, and in

desert areas some settlements are built below ground, or the building
materials do have a reflectance not much distinguishable from that of
the surrounding environment, e.g., sand and rocks. Of note that ad-
vances in settlement and building footprint mapping, driven by high-
resolution satellite imagery and machine learning, are rapidly mini-
mizing these issues.

The ideal population grid for DEGURBA applications is an official 1
km grid based on census data, such as the EU GEOSTAT 1 km grids
(GEOSTAT 1 A, 2012), the Japanese official 1 km grid (Statistics Bureau
of Japan, 2020), and the 1 km grid showing the 2023 estimated resident
population for Australia produced by the Australian Bureau of Statistics
(Australian Bureau of Statistics, 2022-23), as these provide the most
accurate 1 km gridded population distribution data based on official
government statistics. In the absence of such official grids, both top-
down and bottom-up modelled datasets are widely used as proxies of
the actual population distributions with different levels of accuracy. For
top-down grids, accuracy is likely to be highest when the Average
Spatial Resolution of the input administrative units population counts is
lower than 1 km (Balk et al., 2006), as seen in countries like Portugal
(0.17 km?), Monaco (0.25 km?), Italy (0.41 km?), USA (0.81 km?), and
the UK (1 km?). For bottom-up grids, reliable results can be achieved
through the aggregation of geocoded census points, as in the recent
census round in Mexico (Orozco, 2023). Where neither official census
grids nor fine-resolution top-down or geocoded bottom-up data are
available, or where the accuracy and completeness of census data are
unclear, modelled top-down or bottom-up grids where predictions are
constrained to a complete, consistent, and accurate map of buildings or
settlement extent can provide a reliable and suitable approximation of
the population distribution. The choice between these alternatives de-
pends on the quality and spatial resolution of available dataset for top-
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down grids or the availability of country-specific bespoke modelled
outputs for bottom-up grids.

5. Conclusion

The DEGURBA is a global, gridded, population-based definition for
consistently classifying the urban-rural continuum enabling interna-
tional statistical comparisons. The population count associated with
each grid cell in different gridded population datasets may vary sub-
stantially depending on the methods used to produce them (Leyk et al.,
2019), leading to different DEGURBA results. Our analysis evaluated the
impact of the choice of gridded population dataset on the resulting
DEGURBA in a set of African and Caribbean countries. We found that the
DEGURBA is sensitive to a small degree to the gridded population
datasets of choice in the study 16 countries, as long as they are produced
using methods where population estimates are constrained to a defined
settled area. In contrast, the sensitivity increases significantly when
considering both constrained and unconstrained gridded population
datasets, with results often leading to a large share of mixed classifica-
tions of rural and urban cluster populations. Therefore, when multiple
gridded population datasets are available, the results here suggest that a
comparison of them to assess the consistency/variability of the resulting
DEGURBA outputs (see Supplementary Information Section D) may be
worth. The results may guide whether further investigations into the
accuracy/quality of the available gridded population datasets is needed
in order to identify the most appropriate and accurate one to use for
implementing the DEGURBA when official gridded population data is
missing.

Accurately identifying urban and rural areas, as well as defining and
classifying the rural-urban continuum, is vital for assessing the acces-
sibility of services and opportunities available in the lives of people
everywhere. DEGURBA presents an approach for measuring and map-
ping this consistently across the world based on global gridded popu-
lation datasets and here we have provided analyses and demonstrations
of the stability of the approach to different methods of population grid
data production. These can help inform users of DEGURBA in their
considerations and understanding of uncertainties in outputs, and guide
its application across multiple fields.
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