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patterns of towns and semi-dense areas, and that many semi-dense and town populations remain

outside official

“urban areas”.

Urban characteristic criteria: Definitions based on urban characteristics, such as infrastructure (e.g.

paved streets, water systems) and services, show a moderate correlation with both “cities” (R?=0.55)
and “cities and towns” (R? = 0.53). This criterion, used in 84 cases, does not favor one concept over
the other as strongly as the population or economic criteria do.

Figure 1.3 Relationship between national urban definition criteria and degree of urbanization by countries
and areas in 2025
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Source: World Urbanization Prospects 2025 (United Nations, 2025).

Note: Each of the four rows plots countries according to the criteria used for the national urban definition. Countries defined by only one
criterion appear once and are highlighted with larger dot sizes. The remaining countries defined by two or more criteria are displayed using
smaller symbols in each panel. Each panel shows the country distribution by SDG region, with the same legend. The equidistant diagonal
dashed line represents the relationship between two statistical concepts if they are the same. If a country’s national point sits near the
diagonal line in the left panel, it is “cities-leaning”; if it sits near the diagonal line in the right panel, it is “cities + towns-leaning”.
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The background data from Box 1.1 further contextualize these findings: while 161 countries use
administrative criteria, only 78 rely exclusively on them. Many countries combine multiple criteria, with
117 incorporating population size or density and 84 considering urban infrastructure. This diversity in
national approaches explains the variation in alignment with the standardized measures.

Overall, the choice of criteria fundamentally shapes urbanization statistics. Countries using economic
criteria recognize a much broader “functional urban” population, including towns, while those relying on
administrative boundaries significantly undercount their urban populations as captured by the Degree of
Urbanization. National definitions incorporating functional and demographic criteria rather than
administrative status alone are more likely to reflect the actual distribution of urban populations as captured
by the Degree of Urbanization. This reinforces the importance of harmonized frameworks for international
comparisons and highlights the need to consider the underlying criteria when interpreting national urban
statistics.

United Nations Department of Economic and Social Affairs/Population Division 8
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Box II.1

Three types of areas, based on population density and size: the Degree of Urbanization

Understanding urbanization globally is challenging because the definitions of cities and urban and rural areas vary
widely by country. To enable robust international comparisons and consistent comparisons over time, a harmonized
definition called the Degree of Urbanization is applied worldwide (see box I1.2). This method consistently classifies
the entire territory of a country along the urban-rural continuum based on population size and density thresholds
applied to 1 km? grid cells at a given time (i.e. the reference year of the population grid). It identifies three main
types of areas: cities (densely populated areas), towns and semi-dense areas (intermediate density areas, often
representing the transition between rural and urban) and rural areas (thinly populated areas).

The essential definitions of the Degree of Urbanization at the level 1 are as follows in the table below:

Low or middle-income country examples

Cities (densely populated Bangladesh: Dhaka City
areas): These are areas with a r"
high density (at least 1,500 ==

inhabitants per km?) and a

large population (at least
50,000 inhabitants).

Banani, Dhaka, Bangladesh (2017). Mohammad Rahmatullah/Pixabay.

Towns and semi-dense areas
(intermediate density areas):
These are urban clusters

Colombia: Barichara town

outside of cities with a
moderate density (at least 300
inhabitants per km?) and a
population of at least 5,000
inhabitants. This category
includes dense towns, semi-
dense towns, and suburban or
peri-urban areas.

Beron/Unsplash.

Rural areas (thinly Madagascar: rural village in Ankililoaka (Atsimo-Andrefana)
populated areas): These

consist of grid cells with a
density below 300
inhabitants/km?, or denser
cells not part of a city, town,
or semi-dense area. This
category includes villages,
dispersed rural areas, and very
dispersed rural areas.

Traditional Malagasy Village in Ankililoaka (2025). Léonide Mahajanjy/Pexels.
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in low-density rural areas (Balk and others, 2021). Finally, due to the lack of widespread remote sensing imagery
before 1975, estimates for the period between 1950 and 1975 have been produced using back-projections and were
often informed by urban population and city population based on country-specific definitions of urban areas (see
chapter I).

Figure 1.2 GHSL hierarchical multiple-abstraction meta-model and DEGURBA classification
Panel A. GHSL 3 levels of data transformation Panel B. DEGURBA classification flowchart
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The Degree of Urbanization, endorsed by the UN Statistical Commission, classifies the entire territory of a
country into cities, towns and semi-dense areas, and rural areas. This spatially consistent framework allows
for robust cross-country comparisons and complements the national definitions.

The choice of statistical definition—whether a country’s own national definition or the standardized Degree
of Urbanization—has profound implications for measuring both the level and, crucially, the pace of
urbanization, not only in the past but also for future projections. Across all the analyses in this chapter, it is
evident that definitional differences shape how urbanization is understood, tracked, and compared.
Although national definitions are essential for local planning and reflect context-specific criteria, they often
vary widely in scope, ranging from narrow administrative boundaries to broader functional or demographic
criteria (see chapter I). In contrast, the Degree of Urbanization offers a harmonized and spatially consistent
framework that distinguishes between cities, towns, and rural areas.

In general, the Degree of Urbanization tends to reveal a higher starting level of urbanization and a faster
pace of change than national definitions, particularly in countries with lower initial urban shares or rapidly
evolving settlement patterns. This is especially evident in regions such as sub-Saharan Africa, Central and
Southern Asia, and Eastern and South-Eastern Asia, where national definitions may lag in recognizing
emerging urban settlements. In contrast, countries in Europe, Northern America and Latin America and the
Caribbean use national definitions that are more consistent with the Degree of Urbanization classification
of cities and towns, reflecting regions where urbanization occurred earlier and where classification systems
have been in place and applied consistently over extended periods.

Importantly, these implications extend beyond historical estimates to future projections. From 2025 to 2050,
the Degree of Urbanization will continue to capture a more comprehensive picture of urban change,
including the growth of towns that may be excluded from national classifications. Because it accounts for
population shifts into both cities and towns, rather than cities alone, it often reveals a broader and faster
pace of urbanization than national definitions suggest. This affects not only the perceived scale of
urbanization but also its trajectory, with consequences for policy, infrastructure planning, and monitoring
of global development goals. These patterns suggest that relying solely on national definitions may lead to
an underestimation or incomplete representation of urban transformation, particularly in regions where
urban growth is occurring rapidly. Therefore, the use of a more standardized approach, such as the Degree
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of Urbanization, as a complement to national measures, is essential for ensuring comparability, accuracy,
and relevance in global urban statistics.

There are multiple ways to describe the area of a settlement. To produce the global population grids used
to estimate the Degree of Urbanization for the World Urbanization Prospects, the Global Human Settlement
Layer relies on remote sensing using satellite imagery to identify the areas that have been “built-up” by
humans (see box I1.3).

Built-up area may contain residential structures, such as houses and apartment buildings, but it also includes
land occupied by other types of buildings, such as shopping centres, airports, parking structures, and
warehouses, to name several. Dividing the total amount of built-up area by the total population yields the
average built-up area per capita, which is a useful indicator of land-use efficiency. For the built-up area to
grow faster than the population—that is, for the built-up area per capita to increase over time—raises
concerns about the efficiency and long-term sustainability of human land use patterns (UN-Habitat, 2016).
The degree to which cities add built-up areas faster than their populations grow is a key indicator used to
monitor progress towards the achievement of Sustainable Development Goal 11, which aims to make cities
and human settlements inclusive, safe, resilient, and sustainable.?

Box II.3
People and habitat: how built-up surface is key for measuring urbanization

Understanding urbanization relies on analyzing the interplay between people and their habitats. Built-up areas are a
physical manifestation of human settlements and serve as a key input to the methods applied in the Degree of
Urbanization to measure the spatial distribution of population and changes over time. Specifically, the estimates of
built-up surface in the Global Human Settlement Layer (GHSL) were used together with population data to create the
population grids required to classify areas along the urban-rural continuum based on population density, size, and
contiguity.

The GHSL project utilizes satellite imagery to map built-up areas globally, providing datasets that describe the extent
of built-up surface, as well as the height and volume of buildings, consistently over time (GHS-BUILT). It leverages
open and free Earth observation data from the Copernicus satellite programme, including Sentinel-2 at 10-meter
resolution, as well as archives from the Landsat satellite programme. GHSL employs a unique approach called
Symbolic Machine Learning, which processes imagery to identify patterns and extract semantic rules that distinguish
built-up surfaces from other land cover types. The resulting estimates of the built-up surface were validated against
globally representative reference datasets, including more than 40 million individual building polygons across 277
areas of interest worldwide, representing the footprint of every building at those sites and crowdsourced visual
inspections.

GHSL combines spatial grids describing the built-up volume (GHS-BUILT-V) and the split between mostly
residential and large-scale industrial and commercial areas with population data from the CIESIN’s Gridded
Population of the World (GPW), to form the dataset that describes the spatial distribution of the world’s population in
1 hectare and 1 km2 grid cells (GHS-POP). Applying the same approach to all countries and over time ensures a
globally consistent time-series of spatially-disaggregated population estimates. However, certain limitations of the
input data contribute to uncertainty around these estimates and, accordingly, around the classification of settlements
by Degree of Urbanization. Heterogeneity in the size of the spatial units used by different countries to report their
population census results means that the one-square-kilometre population grids are more heavily modelled for
countries with larger units (such as states or provinces) than for countries with smaller units (such as census blocks).
Furthermore, because the accuracy of satellite imagery has improved significantly over time, estimates based on lower-
resolution imagery, especially before the 1990s, may have lower detection accuracy and thus greater uncertainty than
estimates for more recent periods.

12 https://unstats.un.org/sdgs/metadata/files/Metadata-11-03-01.pdf.
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An alternative approach to describing the area of a settlement considers not only the built-up area, but also
the total land area, including any open spaces or uninhabited areas that exist within its limits. The total area
is the concept used to compute the density measures needed to classify settlements according to the Degree
of Urbanization (see box 1.1 in chapter I). This indicator also highlights sustainability opportunities and
challenges. Looking at the world’s cities in particular, levels and trends in the density of the population—
the number of people per unit of area—can help to identify conditions of crowding or urban sprawl.

The 2025 revision of the World Urbanization Prospects presents both the built-up and total area indicators
for countries and regions, by Degree of Urbanization, and for individual cities, with estimates for the period
from 1975 to 2025 and projections to 2050.

B. SOURCE OF DATA FOR THE DEGREE OF URBANIZATION (DEGURBA)

This section contains information on the sources of data used to estimate and project the population for the
Degree of Urbanization.

The Degree of Urbanization (DEGURBA) series produced for WUP 2025 draws on the Global Human
Settlement Layer (GHSL) suite of gridded datasets developed by the Joint Research Centre of the European
Commission. The key data inputs include: (i) built-up surface grids (GHS-BUILT) derived from multi-
temporal remote sensing data from Landsat for earlier years and Sentinel for more recent years (Pesaresi
and others, 2024), and (ii) gridded population estimates (GHS-POP) that allocate census-based population
counts to 1 km? grid cells using built-up extent as a key covariate. GHS-POP has been shown to be the most
accurate of the currently available global population grids (Pesaresi and others, 2024). It combines
population data from the Gridded Population of the World (GPW), version 4.11 (Center For International
Earth Science Information Network-CIESIN-Columbia University, 2018), with remote sensing data from
Landsat for earlier years and Sentinel for more recent years.

The most recent sources of population data used for each country and area to estimate and project the
Degree of Urbanization from 1950 to 2050 are available online (WUP2025-M01-DataSources-Degree-of-
Urbanization.xlsx).!* As shown in Figure II.3, the most recent population grids are available for the 2010-
round of censuses centred around 2010-2011.

Figure 1.3 Number of countries or areas by year of latest available population grid

2000 2005 2010 2015
Year

Source: Global Human Settlement Layer (GHSL) population grid multitemporal (1975-2030) GHS-POP_GLOBE _R20234 - input
metadata produced by the Joint Research Centre of the European Commission (Pesaresi and Politis, 2023).

=
&

Number of countries or areas
»
8

13 https://population.un.org/wup/downloads?tab=Sources%20and%20Documentation.
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Table Il.1 Recency of the most recent population grid used as input data

Date of most Number of countries or areas by type of data source: Percentage
recent information Census Register Estimate Overall of total
2000-2004 9 0 2 11 4.6
2005-2009 49 0 10 59 249
2010-2014 137 13 14 164 69.2
2015-2019 3 0 0 3 1.3
Total 198 13 26 237 100.0

Source: Global Human Settlement Layer (GHSL) population grid multitemporal (1975-2030) GHS-POP_GLOBE R20234 - input
metadata produced by the Joint Research Centre of the European Commission (Pesaresi and Politis, 2023).

Population data from censuses or estimates referring to 2010 or later were available for 167 countries and
areas, covering 81 per cent of the world’s population in 2025 (Table 11.1). For 59 countries and areas, the
most recent available figure was from 2005 to 2009, and for the remaining 11 countries and areas (Gabon,
Guyana, Haiti, Iraq, Jordan, Lebanon, Republic of Moldova, Saint Kitts and Nevis, Sierra Leone, Syrian
Arab Republic, and Yemen), the most recent available population data were from before 2005.

The variation in the granularity of administrative input units is a critical determinant of the accuracy and
reliability of the Degree of Urbanization (DEGURBA) framework, as the quality of the resulting population
grid is directly dependent on the size of the initial spatial units (Dijkstra and others, 2021; European
Commission. Statistical Office of the European Union., 2021). In countries with highly detailed inputs,
such as the United States or European Union countries, the 1 km? grid is primarily built through the
aggregation of small blocks, requiring minimal modelling and ensuring high positional accuracy.
Conversely, in countries where population data are only available for large administrative units—such as
provinces or districts—the grid must be produced through top-down disaggregation (dasymetric mapping),
which reallocates population counts based on built-up area proxies derived from remote sensing (Figure
I1.4). This creates a significant "vertical spread” in data quality; while the grid standardizes the reporting
unit to a uniform size to mitigate the Modifiable Areal Unit Problem (MAUP) ', the underlying
heterogeneity in input resolution can still lead to the over-concentration of population in built-up areas or
the "masking" of internal density variations.

14 The Modifiable Areal Unit Problem (MAUP) refers to the fact that the results of an analysis change simply based on the size or shape of the
areas used to collect the data, such as when a dense city mistakenly appears rural because its population is averaged over a very large
administrative district. This matters because the choice or availability of different boundaries or different sizes of areas to group the same data
can strongly influence results and may lead to misleading interpretations.
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Figure 1.4 Why input unit size affects population grid accuracy

Fine input units (e.g., census blocks) ~—>  Coarse input units (e.g., provinces/districts)
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o Standardized grids help mitigate MAUP (Modifiable Areal Unit Problem), but
residual heterogeneity persists due to differences in input data resolution.

Figure I1.5 shows a broadly positive, roughly log-linear association between a country’s total population
and the number of administrative/input units used to build its most recent population grid: larger populations
typically involve more units—ranging from fewer than 100 in small island territories to millions in China
and India. However, the relationship is highly non-proportional: countries with similar population sizes can
differ by orders of magnitude in input counts, reflecting differences in administrative/statistical granularity
and data sources (census, registers, estimates). The resulting “vertical spread” spans highly detailed census
block inputs (e.g., the United States) to coarser regional or district-level data (e.g., Uzbekistan),
underscoring that spatial resolution is driven more by data systems, administrative structure, and data
availability than by population size alone.
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Figure I1.5 Distribution of countries or areas by population size and number of administrative units used as
input for the most recent population grid
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Source: Global Human Settlement Layer (GHSL) population grid multitemporal (1975-2030) GHS-POP_GLOBE _R20234 - input
metadata produced by the Joint Research Centre of the European Commission (Pesaresi and Politis, 2023).

Such discrepancies in the spatial resolution of the input population grids directly impact the delineation of
settlement types, particularly in the "missing middle" of the urban-rural continuum, where towns and semi-
dense areas can be misclassified. If the input data are too coarse, a densely populated city might be classified
as rural because its population is averaged over a vast administrative area, while high-density countries
such as India or Bangladesh may appear to have oversized conurbations due to the aggregation of multiple
distinct settlements within a single large input unit. Furthermore, because the accuracy of the satellite
imagery used for disaggregation has evolved over time, estimates based on older, lower-resolution data
carry higher uncertainty regarding the precise boundaries between cities, towns, and rural zones than more
recent data. Thus, establishing a harmonized global perspective requires constant reassessment of these
datasets and thresholds to ensure that spatial transformations are captured consistently, regardless of
whether a country's administrative system provides millions of census blocks or only a few hundred
provincial records.

For the 2025 revision, the input data landscape was defined by three distinct periods. The GHS-POP is
available at a 1 km resolution for a series of epochs covering the reference period of 1975 to 2020 (including
1980, 1985, 1990, 1995, 2000, 2005, 2010, and 2015) and is projected to 2025 and 2030. The DEGURBA
classification was implemented using the GHSL settlement model grids (GHS-SMOD), which assign each
grid cell to urban centres (cities), urban clusters (towns and semi-dense areas), or rural areas according to
the globally harmonized thresholds described in chapter I and the DEGURBA manual (European
Commission. Statistical Office of the European Union., 2021).

For WUP 2025, the GHS-WUP-DEGURBA product (Schiavina, Melchiorri, Pesaresi, Martino, Jacobs-
Crisioni, and others, 2025) introduced several methodological enhancements aligned with the Degree of
Urbanization terminology. It uses a “split-by-country” implementation that limits settlement clusters to
national borders, meaning that no cross-border settlements are permitted for the settlement size threshold
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calculations. This ensures that urban centres straddling international boundaries (e.g., Geneva-Annemasse
or El Paso-Ciudad Juarez) are treated as distinct statistical entities for the purpose of national reporting,
preventing the population of a city in one country from influencing the classification of a settlement in a
neighboring country. Five exceptions apply to very small territories: Gibraltar, Monaco, Vatican, Macao,
and Hong Kong.

To ensure full temporal coverage and forward consistency with demographic scenarios, the time series were
extended in both directions. For historical periods where direct remote-sensing inputs are limited, earlier
GHSL reference layers were combined with a two-stage backcasting statistical model to reach 1950 using
historical urbanization information and demographic trends. Looking ahead, DEGURBA-based estimates
are projected from 2025 to 2050 using the Cities and Rural Integrated Spatial Projections (CRISP) model,
yielding a harmonized 1 km, mid-year series that is comparable across countries and over time. See chapter
II1.B for details.

The population grid layers (Schiavina, Freire, Carioli, MacManus, and others, 2025) used in this project
were adapted to ensure consistency with the CRISP model assumptions and the WPP 2024 national totals.
Population values were adjusted with a correction factor to ensure that country totals according to the GHS-
POP grids matched the population totals accounted for in the World Population Prospects 2024 (United
Nations, 2024). The data for the Democratic Republic of the Congo, Eritrea, Ethiopia, Myanmar, Nepal,
Paraguay and Zimbabwe have been modified compared to the GHS-POP R2023 to improve the reliability
of the population figures. Specifically, for Myanmar, the GPW data from 2002 were replaced with 2019
intercensal data to compute new population growth rates at the adminl level. For the Democratic Republic
of the Congo, Nepal, and Paraguay, anomalies in the GPW growth rates were corrected by recomputing the
rates in the GPW dataset. For Eritrea, Ethiopia, and Zimbabwe, temporal alignment issues with the ancillary
built-up layer (GHS-BUILT-V R2023) were addressed through linear interpolation between 1975 and 2010
at a 100 m resolution, and then aggregated to 1 km to improve population downscaling accuracy.

The Degree of Urbanization (DEGURBA) series produced for WUP 2025 draws on the GHSL WUP
Projections Data Package 2025 (GHS-WUP R2025) developed by the Joint Research Centre of the
European Commission (2025), and the associated metadata provide detailed input layers and documentation
underlying these steps for 237 countries and areas, with estimates from 1975 to 2020 based on observed
data, backcasted figures for 1950-1975, and projections from 2025 to 2100, combining spatially explicit
gridded data with tabular statistics. For the WUP 2025 projection, results are only presented up to 2050, as
uncertainty about future trends increases substantially with long-range projections.

The key data products include the following:

e  GHS-WUP-BUILT-S R2025A (Pesaresi and others, 2025): A built-up- surface spatial raster dataset
derived from GHS-BUILT-S R2023 for the observation period (1975-2020) projected from 2025
to 2100 using the CRISP model. Unlike previous versions, this dataset focuses on the total built-up
surface without functional distinctions (e.g., non-residential) and is expressed in square kilometers
per pixel.

e GHS-WUP-POP R2025A (Schiavina, Freire, Carioli, MacManus, and others, 2025): A population

spatial raster dataset derived from GHS-POP R2023, maintained for observational consistency until
2020 and projected to 2100.

e GHS-WUP-DEGURBA R2025A (Schiavina, Melchiorri, Pesaresi, Martino, Jacobs-Crisioni, and
others, 2025): Settlement classification layers produced by applying the Degree of Urbanization
methodology (Stage I) to the population grids.

Table I1.2 summarizes the specific input layers and sources used to produce various time-series.
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Table 1.2 Summary of GHSL/DEGURBA input layers used in WUP 2025

Description Source identifier / Dataset Comments

National UN-WPP 2024 (Medium Variant) Used for calibration of totals and

population projection rates

National CIESIN GPW 4.11 (edited by GHSL) Used for GHSL input data

Boundaries

National UN “Standard country or area codes for statistical Used for DEGURBA statistics and split-

Boundaries use” (M49), ST/ESA/STAT/SER.M/49/Rev.3 by-country implementation

(DEGURBA)

Urban UN WUP 2018, F22 extended Used for historical backcasting of city

Agglomeration populations

time series

Functional area JRC within CIESIN boundaries Derived for subnational projections

boundaries

Total built-up GHS-BUILT-S_GLOBE R2023A Input for 1975-2020 observations; Key

surface covariate for spatial distribution and
used to derive GHS-WUP-BUILT-S
R2025A

Non-residential GHS-BUILT-S_NRES_GLOBE R2023A Used to model residential density

built-up surface

Built-up volume GHS _BUILT V_GLOBE R2023A Auxiliary covariate used to inform

grid-level disaggregation of population
in the 1975-2020 reference period and
selected country corrections.

Population Grid GHS-POP_GLOBE R2023A Base population distribution (1975-
2020); used to derive GHS-WUP-POP
R2025A;
Gross Land GHS-BUILT-S_GLOBE_R2023A (intermediate) Used to constrain built-up growth
Development
Potential
Geophysical GLO-90 Copernicus DEM (Elevation, Slope, Used in suitability modelling for CRISP
Covariates Terrain roughness); GHS-LAND GLOBE R2022 allocation
(Inland water, Coastline)
Hazard Covariates  GloFAS (Flood prone area), GEM v2023.1 Used in suitability modelling for CRISP
(Earthquake intensity), ARUP (Landslide hazard) allocation

Source: GHSL WUP projections data package 2025 (European Commission. Joint Research Centre and others, 2025).

Note: The table lists the principal gridded inputs and ancillary layers used to generate the GHSL-based population distributions and
the CRISP projections. Additional processing steps applied for WUP 2025 include correction-factor rescaling of country totals to
WPP 2024 and targeted revisions to selected country layers.
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lll. METHODOLOGICAL ENHANCEMENTS IN WUP 2025

A. MODELLING PROPORTION URBAN BASED ON NATIONAL DEFINITIONS

1. Prior approaches to model urbanization

Previously, the estimation and projection of the proportion urban, that is, the proportion of the population
living in urban areas, was modelled autoregressively based on the last three observations points of each
territory, using a blend of territory-specific and global models (United Nations, 2018).

While this approach had the advantages of simplicity, ease of use, computational efficiency and minimal
data requirements for fitting, it relied on two assumptions that frequently do not hold. Specifically, it was
assumed that (1) the global model was a reasonably good fit for any given territory 25 years into the future,
and (2) the trend of the last few observations would continue linearly into the future. Experiments with
out-of-sample validation showed that these assumptions were often violated, as trends within countries
rarely held consistently over time.

As discussed further in the next section, there is large heterogeneity in terms of the national definition of
urban, which is not always consistent over time. Within a given territory, the trend rarely holds over time,
and sometimes the last few observation points are inconsistent with the overall trend. Overall, the data
exhibit such heterogeneity across territories that a global model, even based on some coarse groupings by
population size, as was done in World Urbanization Prospects 2018 (United Nations, 2018), performs
poorly in terms of accuracy.

In previous editions of the WUP, human settlements were defined based on the rural versus urban
dichotomy using national definitions. The estimation relied on the urban-rural growth difference (URR)
method. This method assumed that the urban-rural growth difference would remain constant over the
projection period or evolve toward a hypothetical "world norm.”

For each territory, the proportion of the population living in urban areas was modelled as follows:

1. For all territories and years, compute rur, defined as

1. (URR,,,
Tife = Eln< URR, )

where URR; = % is the urban (U;)-rural (R;) ratio at time ¢, that is, the ratio of the urban to the rural

t
population of a given territory at time ¢.

n is a given time interval. For example, when examining urban population data for 1990 and 1995 for
a given country, t = 1990 and n = 5.

Note that by definition, rur is not defined for the last available data point.

In the 2018 revision, special provisions were made for the following cases: when the rural
population, R, = 0, set R, = 0.0000001 or 1 * 10~7. When either URR;;,, = 0 or URR, = 0, set
rur, = 0.
2. Fita global linear model of rur as a function of PU, the proportion urban, rury; = by + b1 PUs(;_1),
while also

e excluding data points where |rur| > 0.2
e gplitting the data into 2 subsets: Countries with 2 million or more inhabitants in 2018, and
countries with fewer than 2 million inhabitants in 2018, thus fitting 2 models
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3. Run the projections as follows:

a. ty, first projection year, and assuming t,, and t,,; are the last 2 years of observation (e.g. t,, =
2011.12 and t,; = 2007.49, so t, = 2012), compute:

URRyZ)

lo (
_ 9\URR,; ~
URR:y = URR,, * exp Tt *(tyy +1—1ty)
y

ty2 — ty1
b. For subsequent years, t;, i = 1,2, ...,24, compute:
hrurti = bO + blput(i—l)

hrury — rury-q)

TUry = TUr—1) +

25—t +1
URR:; = URR(i—1)exp (rury;)
URR;;

PU; =———
"7 1+ URRy
c. For projection years beyond 25 years into the future, t; , i = 25, ..., L (t;, = 2050), compute:
Tury = bo + blput(i_l)
URR:; = URR(;—1)exp (rury;)
URRy;
1+ URRy;
Note that the last year of the observed data, t,,, differs from country to country. Thus, the projection period
and global norm trends will be longer for countries with less recent data. In addition, rury; is updated
iteratively, as a linear combination of the rur value of the previous year and the predicted hrur value using
the global linear model, such that the weight of the predicted value increases linearly with time. In other

words, rury; approaches the global modelled value linearly, and for i > 25, it is based only on the global
model.

PUtiz

Therefore, when the global model is not a good fit for the data, and there are no recent data for the proportion
of urban population, the projections become much less reliable. In addition, if the last two observation
points are not in line with the overall trend, the projections will likewise be problematic.
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2. Revised model of urbanization

In the 2025 revision, the model was updated to address several features of the data: the data trends are not
always consistent over time (see figure III.1), the latest two observation points are not always consistent
with the prior data trend (see figure 111.2), and the global model is not always a good fit (see figure I11.3).
The goal was to have a robust model that takes advantage of all the data series (not just the last two
observations) and fits them well, despite the challenges noted in the data.

Figure lll.1 Empirical observations of the proportion of urban over time for selected countries
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Figure 11.2 WUP 2018 estimates and projections of proportion of urban for selected countries
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Figure 11.3 WUP 2018 estimates and projections of proportion of urban for selected countries

Antigua and Barbuda Belize

1.01- WUP18 1.04- WUP18

0.9 0.9+

0.8 0.8

0.7 0.71
o
8064 0.6
S s
0 0.5 0.5 * .
5 —t
(e}
© 0.4 L] 0.4+
o

L] . .
0.3 0.3
[ ] .

0.2 0.2

0.1 0.1

0.0 0.0

1940 1960 1980 2000 2020 2040 1940 1960 1980 2000 2020 2040
Year

To this end, roughly ten different statistical modelling approaches were explored using cross-validation
over the 1945-2010 estimation period (all approaches are described briefly in annex A). For example, in
one approach, modelling of urbanization was attempted based on demographic covariates, including net
migration, population density, annual population growth rate, total fertility rate, and under-5 mortality rate;
however, this model did not perform well. A second approach, modelling urbanization based on the criteria
used for the national definition (administrative, economic, population size, or urban characteristic criteria),
also did not perform well. Rigorous evaluation ensured that the selected method provided robust and
reliable projections grounded in empirical evidence.

For each territory, input data were first harmonized to a common mid-year time reference and the proportion
urban was modelled over time using a country-specific logistic (beta) regression model.!> Because census
and official estimate reference dates vary across countries, raw observations are not directly comparable
over time. Consequently, for the 2025 revision, estimates for specific points in time were derived by
aligning all series to 1 July of each calendar year, starting in 1950. Where necessary, figures were
interpolated between recorded points and extrapolated back to 1 July 1950 if the earliest observation was
later. The most recent mid-year estimate was anchored to the year immediately preceding the reference date
of the most recent available data. From that point onward, projections were produced until 2050 to complete
the time series.

Logistic regression is a natural choice to model outcomes between 0 and 1 (such as the proportion of urban
population), as it naturally constrains predictions within this range and produces the characteristic S-shaped
curve often observed in urbanization trends. This model performs reasonably well with sparse, irregularly
spaced observations—conditions that characterize many countries and make more complex models (see
annex A) infeasible to fit reliably. It is also a standard, computationally efficient approach available in
common statistical software, which is important for scaling to 237 countries or territories. Finally, using
country-specific models avoids the poorer fit and computational issues encountered when attempting a
single global model with a country-specific fixed effect (see annex A).

15 Hosmer, D. W. Jr., Lemeshow, S., & Sturdivant, R. X. (2013). Applied Logistic Regression. (3rd ed.).
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As noted earlier, for many countries urbanization trajectories are not homogeneous over time, and a
piecewise modelling approach is required when the urbanization trend changes over time. For example, as
shown in figure III.1, the proportion of urban in Andorra increased sharply from 1950 to 1985 but has since
been declining slightly. For Bulgaria, the proportion of urban population increased rapidly until 1980, and
the increase has been very modest since then. Thus, a model fitted to all the data would diverge significantly
from actual trends.

To allow for potential changes in trend, the ‘strucchange’ package in R was used to detect structural breaks
points in time where the pattern of urbanization fundamentally shifts'® and to identify, when present, the
point(s) at which the overall time trend shifts. Specifically, the ‘breakpoints’ function was used with the
options breaks=1, h=3 to determine the point at which there was a break in the pattern of the data. This
provided a data-driven criterion for splitting the series into two segments and fitting separate models when
the underlying urbanization trends changed over time.

Next, for the estimation period, the proportion of urban (PU) values were interpolated between observations
to annual 1 July mid-year values, that is, values for years between available data points were estimated to
create a complete annual time series, using the ‘interpl’ function from the R ‘signal’ package with the
option method="pchip" (piecewise cubic Hermite interpolating polynomial). These interpolated values
served two purposes: (i) to construct a complete, time-harmonized series for estimation, and (ii) to augment
the information available for model fitting, while retaining the original recorded observations unchanged.

The following weighted logistic (beta) regression models were then fitted with a logit link (via the ‘betareg’
[R] package). Weight w, = 1 was assigned to recorded observations and w; = 0.5 to interpolated values
to reflect their lower reliability during the parameter estimation process. Where a structural break was
detected, this procedure was carried out separately within each segment.

The predicted proportion urban (PU,) at time ¢ is calculated as:
_ 1
© 14 exp(—(Bo + £it))

As a final step, to avoid discontinuities at the junctions between observed (or back-extrapolated) values and
model-based projections, pchip interpolation (‘interpl’ function in R) was again used to smoothly bridge
between (a) the last observed mid-year estimate and the first projection point, and (b) the first observed
estimate and the back-extrapolated value for 1950 (when required). This produced a smooth, fully
harmonized annual mid-year series from 1950 to 2050 that is consistent across countries despite differences
in census timing, reference dates of official estimates, and data sparsity.

PU

16 The options ‘breaks=1, h=3" in the ‘breakpoints’ function is used to check whether there is at most one point in time where things noticeably
change, rather than many changes, and that any period before or after that change must include at least three data points, so the results aren’t
based on too little information. These settings help the model find a meaningful and reliable single change in a trend, while avoiding false alarms
caused by random noise or very short-term fluctuations.

United Nations Department of Economic and Social Affairs/Population Division 26



World Urbanization Prospects 2025: Methodology of the United Nations Urbanization Estimates and Projections

Figure II1.4 illustrates the necessity of these steps. In the case of Barbados, no statistically significant break
in the pattern was identified, and therefore a single country-specific model was fitted. Only 6 data points
are available, so interpolation (shown as the grey line in the figure) expands the dataset for model fitting.
A small discontinuity is evident between the fitted WUP 2025 model (red line) and the last observed data
point; the final step, which interpolates between the final projection point and the most recent observation
(shown as burgundy points) mitigates this discrepancy. By contrast, the WUP 2018 projection (blue line)
indicates a substantial increase in the proportion urban (reflecting the influence of the global model), that
is not supported by the observed data, which in recent years instead show a declining trend.

Meanwhile, for the Central African Republic, the data up to 1967 were found to follow one distinct trend
characterized by a sharp increase, whereas subsequent observations followed a different pattern marked by
stabilization. Accordingly, two separate models were fitted, as indicated by the pink vertical line in the
figure. Because the earliest available data point dates to 1960, back-extrapolation to 1950 was also
performed. As in the case of Barbados, interpolation (shown as the grey line) substantially increases the
number of data points available for model fitting. The WUP 2018 model projected a faster increase in
urbanization than is supported by recent observations, likely reflecting the influence of the global model.
For both countries, the revised modelling approach therefore yields projections that are more closely aligned
with national data trends.

Figure 1ll.4 WUP 2018 and 2025 estimates and projections of proportion of urban for selected countries and

blending of observed and predicted values for 2025 projections, illustrating the modelling components of
WUP 2025 and the projection differences with WUP 2018
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To assess the model performance, an out-of-sample validation was conducted in which data from 1945 to
2010 were used to estimate model parameters and generate projections. Observations available after 2010
were then used to evaluate the fit of these projections. In most cases, the new model outperformed the
model used in the 2018 revision (hereafter referred to as the WUP18 model). In the small number of cases
where the WUP18 model performed better, this was attributable to abrupt changes in trends after 2010,
which are inherently difficult to anticipate in a statistical modelling framework. In such instances, the
WUP18 model performed better because the global model happened to be closer to the observed sudden
shift in trend.
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While the updated approach works well overall, in some cases the long-term projected trend was too
extreme to be realistic: when a country or territory was urbanizing rapidly, the model predicted that the
rapid urbanization would continue indefinitely into the future (see figure I11.5); conversely, in cases where
a recent temporary reversal was extrapolated indefinitely (see figure II1.6 for example of countries or
territories experiencing some urbanization decline). Hence, these extreme projections must be modified.

For these extreme cases, a "trend-borrowing" strategy was employed. The long-term projection trajectory
of the national definition was replaced with the trajectory derived from the Degree of Urbanization
(DEGURBA) projection of the share of the population living in cities, plus towns and semi-dense areas
(DEGURBA level 1).

Crucially, this substitution preserves the level of the national definition while adopting the more stable
shape of the geospatial projection. This was achieved by calculating the difference (vertical offset) between
the national definition and the DEGURBA estimate at a specific "anchor year" (typically the last observed
point, or a later year up to 15 years after the last observation when the divergence first emerges).

The DEGURBA series was then shifted by this constant offset and joined to the national definition series
using piecewise cubic Hermite (pchip) interpolation to ensure a smooth transition without statistical
discontinuities (further details are provided below).

This strategy was used for 41 countries/territories (17 per cent of all countries/territories).!” For 26 cases,
this was done because long-term projections resulted in abnormally high urbanization levels; in three cases,
because the long-term projections resulted in declining urbanization trends; in 11 cases, because the
projections were not in line with recent data; and in one case, because recent national estimates were based
on the DEGURBA methodology. An example is shown in figure II1.7, where for Saudi Arabia, the model
projects an urbanization level of almost 100 per cent by 2050 (panel A), while after the adjustment, the
projections are much more reasonable (panel B).

The modelling approach is summarized in the following steps, performed separately for each country or
territory:

0. Special cases: Identify countries/territories that are 100% rural or urban, and set that trend to continue
to the end of the projection period.

1. Data Preparation: Compile national-definition PU values from the censuses and official estimates.

2. Linear time trend detection: identify structural breaks using the 'strucchange' package (function
breakpoints with breaks=1, h=3), and split the time series into two segments if needed.

3. Interpolation: Interpolate PU to annual mid-year values using piecewise cubic Hermite polynomial
interpolation (in R, ‘signal” package, interpl function with method="pchip") for annual PU values.

4. Model Fitting: Fit weighted logistic regression using 'betareg' with logit link to the PU over time.
_ 1
C L+ exp(=(Bo + Brt))

Where weights are applied as w; = 1 for recorded observations and w; = 0.5 for interpolated values;
fit separate models by segment when a structural break is detected.

PU

17 The list of countries or areas adjusted include: American Samoa, Andorra, Argentina, Aruba, Azerbaijan, Bahamas, Belize, Bhutan, Botswana,
Brazil, Cameroon, China, Taiwan Province of China, Cyprus, Djibouti, Eritrea, Eswatini, Gabon, Gambia, Guinea-Bissau, Italy, Lebanon, Libya,
Mongolia, Montenegro, Montserrat, Mozambique, Nepal, Republic of Korea, Republic of Moldova, Romania, Saudi Arabia, Seychelles,
Slovakia, Sri Lanka, Sudan, Trinidad and Tobago, Tiirkiye, United Kingdom, Venezuela (Bolivarian Republic of), Western Sahara, Yemen.
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Projection/backextrapolation: Use the fitted model(s) to project PU annually to 2050 and, where the

carliest observation is after 1950, back-extrapolate to 1950. Where the resulting long-term projection
is implausible, replace the projection trajectory with an adjusted DEGURBA-based trend (see step 8

below).

Continuity adjustment: Use piecewise cubic Hermite polynomial interpolation to bridge between the

last observed estimate and the first projection point (and, where relevant, between the first observed
estimate and the back-extrapolated 1950 value) to avoid discontinuity and ensure a smooth annual
series.

Validation: Final inspection of the projection by independent analysts.

Adjustment: If needed, adjust implausible projections using the DEGURBA trends (vertically shifted
to align with the last available observation point) by:

a. Select an anchor year tlast (between the last observation year and up to 15 years after) at which
the model-based projection begins to diverge materially from plausible levels or trends. Let
PUy st denote the national-definition proportion urban at tlast (observed or model-based), and
let PU_DEGURBA45:= (Pcitiesyqst + Ptownsy ) denote the DEGURBA-based urban share
at tlast, defined as the share of the population living in cities plus towns and semi-dense areas.
Compute the vertical shift § = PU;j,5¢ — PU_DEGURBA 145t

b. For projection years t = tlast, compute adjusted projections as PU, = PU_DEGURBA 45t + 8
for t = tlast + 1, tlast + 2, ...,2050, with values bounded to the [0, 1] interval;

c. Use piecewise cubic Hermite (pchip) interpolation to smoothly transition from the model-based
projections to the adjusted DEGURBA-based projections around t0, and to bridge between the
last observed estimate and the first adjusted projection point, thereby avoiding discontinuities.

United Nations Department of Economic and Social Affairs/Population Division



World Urbanization Prospects 2025: Methodology of the United Nations Urbanization Estimates and Projections

Figure Il.5 WUP 2018 and 2025 estimates and projections of proportion of urban for selected countries where
the WUP25 model projects unusually rapid urbanization
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Figure 11.6 WUP 2018 and 2025 estimates and projections of proportion of urban for selected countries
experiencing urbanization declines and as a result the WUP 2025 urbanization is projected to continue
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Figure 1ll.7 WUP 2018 and 2025 estimates and projections of proportion of urban for Saudi Arabia
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B. MODELLING OF POPULATION ESTIMATES BY DEGREE OF URBANIZATION

The estimation and projection of the population by Degree of Urbanization employs a new multi-modal
approach combining remote sensing data with advanced modelling techniques across three distinct time
periods that can be summarized as follows (see Jacobs-Crisioni, Schiavina, Alessandrini, and others (2025)
for further details):
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1975-2020 Reference Estimates from Remote Sensing: Estimates for this period were derived directly
from the GHS-WUP-POP R2025A grids, utilizing Landsat and Sentinel satellite imagery and inputs from
GHS-POP R2023. These grids combine the population data from the Gridded Population of the World
(GPW v4.10) with remote sensing data. To ensure consistency with the United Nations data, population
values were adjusted with a correction factor so that country totals in the GHS-POP grids matched the
population totals accounted for in the World Population Prospects 2024 (United Nations, 2024). Specific
modifications were applied to the data for the Democratic Republic of the Congo, Eritrea, Ethiopia,
Myanmar, Nepal, Paraguay, and Zimbabwe, compared to the GHS-POP R2023 release, to improve the
reliability of the population figures in those territories (see chapter I1.B for details).

The built-up surface estimates (GHS-BUILT-S) underlying this period were derived from the spatial-
temporal interpolation of five observed collections of multiple-sensor, multiple-platform satellite
imageries: Landsat (MSS, TM, ETM sensors) data supported the 1975, 1990, 2000, and 2014 epochs, while
a Sentinel-2 (S2) image composite (GHS-composite-S2 R2020A) supported the 2018 epoch. Population
disaggregation from census or administrative units to grid cells was informed by the distribution and
classification of built-up volume (GHS-BUILT-V R2023) for the corresponding epochs (figure I11.8).

Figure 1ll.8 GHSL data pipeline: from satellite to statistics

1975 1990 2000 2014 2018 2020+

T 1 T T T |
V&
—P f‘ — DEGURBA
Bmlt up Surface /\/
Detection
Built-up as ; Qﬁ o
l covariate ——,. I I
ra
I w City Town Rural Country Statistics
el [ | || — & Projections
|
H !
| TN . G
Sentinel-2 (10m) FopUaiion 4
s4
GPW WPP 2024

1950-1975 Historical Backcasting: Owing to the lack of widespread remote sensing imagery prior to
1975, historical estimates were generated using a two-stage backcasting statistical model. This hybrid
approach ensures consistency with established historical urbanization trends while leveraging the
granularity of the GHSL-based DEGURBA framework:

1. Stage One (country-level DEGURBA growth rates): A linear mixed-effects regression links
five-year changes in population by Degree of Urbanization (DEGURBA) class to WUP national
urban population shares and total population growth rates, with country identifiers as a random
effect and totals aligned with United Nations aggregates. Fitted separately for each DEGURBA
class to GHSL/WUP data from 1975 to 2020, the model blends national definitions with the
DEGURBA framework to estimate class-specific growth rates, which are then applied to backcast
national populations by DEGURBA for 1950-1975. This essentially translates the known
aggregate national trends into estimated growth rates for cities, towns, and rural areas respectively.

2. Stage Two (city-level backcasting and reconciliation): Individual city populations were backcast
using WUP 2018 urban agglomeration data (extended per Pesaresi and others, 2024) or
proportional estimates. For cities matched to one or more agglomerations, a multi-linear regression
linked changes in city population to agglomeration growth rates, the country’s population growth
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rate and total population size, and city size. Cities not matched to an agglomeration were backcast
by applying their 1975 share of the national city population to the pre-1975 city totals from Stage
One. Cities with fewer than 50,000 inhabitants were reclassified as dense towns. The sum of
backcast city populations replaced the initial national urban-centre total, with populations of towns,
semi-dense, and rural areas adjusted—starting from the densest DEGURBA class—to maintain
consistency with the WPP national figures and established historical trends.

2020-2100 Projections via the CRISP Model: For the projection period, the 2025 revision employs the
Cities and Rural Integrated Spatial Projections (CRISP) model (Jacobs-Crisioni, Schiavina, Krasnodebska,
and others, 2025). This model builds on the 2UP (Towards an Urban Preview) model to simulate global
population changes and urban growth simultaneously by downscaling national projections to high-
resolution grids.

33

Methodology: The CRISP model links population shifts to built-up area growth using universal
rules at global or continental scale, disaggregating national population estimates to a
high-resolution spatial grid (30-arc-second). A novel grid-cell allocation method was introduced to
estimate continuous built-up- surface change; built-up- growth and the resulting population
changes were modeled on a decadal basis and interpolated every five years to produce built-
up- surface and population distributions at 5-year intervals.

Subnational Heterogeneity: To account for subnational variation in large countries, the model
partitions the world into approximately 1,000 Functional Areas (FAs) defined around major cities,
delineated using the Functional Rural Areas method (Dijkstra and Jacobs-Crisioni, 2023) but with
longer travel-time thresholds and larger minimum population parameters. These are large
subnational units designed to represent regions with significant functional autonomy, defined using
the Functional Rural Areas method with generous parameter settings. National WPP 2024
projections are allocated to FAs by extrapolating each FA’s 2000-2020 GHS-POP average annual
growth (local rate) and iteratively combining it with the national growth rate using weights
calibrated to converge linearly to the national rate over 100 years; FA totals are rescaled each
decade to match country totals. Within FAs, the residential built-up surface is projected via a
multivariate linear model of built-up surface per capita as a function of prior levels, decadal
population growth, and Gross Land Development Potential (GLDP), trained on GHSL 20102020,
while non-residential built-up is held at 2020 levels. After allocating built-up surfaces and
population changes, the 2020-2100 population grids were rescaled to match the WPP 2024 country
totals and subsequently used to apply the Degree of Urbanization classification. Further technical
details are provided by Jacobs-Crisioni, Schiavina, Alessandrini, and others (2025).

Allocation: Built-up areas are allocated at the grid-cell level under local land-availability
constraints and continent-specific statistical suitability modeled with multivariate logistic (logit)
regression. Suitability combines static factors (slope, elevation, terrain roughness, landslide risk,
and distances to water bodies and roads) with dynamic factors updated in each iteration (population
in the immediate neighborhood and difficulty in reaching the nearest village, town, or city).
Built-up growth follows three premises: (1) built-up fractions are non-decreasing; (2) more suitable
locations receive more additional built-up; and (3) the statistical distribution of built-up values is
preserved.

The population is then distributed using a “population pool” that combines the net FA population
change plus at least 1% internal migration, reallocating proportionally to new built-up area and
local attractiveness while respecting population change- limits observed in historical GHS layers.
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Population changes are further governed by universal rules that consider the built-up extent,
imposed change limits, and surrounding grid-cell densities. The population is drawn first from less
attractive locations and redistributed partly in proportion to the newly developed built-up area
(using the neighborhood built-up area per capita) and partly to local attractiveness, while enforcing
change limits derived from historical GHS layers and considering built-up extent and surrounding
grid-cell densities (Figure I11.9). The final grids were rounded and lightly adjusted so that the counts
represented the whole population.
Figure 11l.9 CRISP Model: Suitability Stacking and Spatial Allocation
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e Iterative Modelling: The process is performed decade-by-decade, with results from one decade
informing the suitability and allocation for the next, ensuring a dynamic representation of urban
evolution until 2100.

e Consistency: The final modelled population grids were rescaled at the country level to reinforce
the match with the WPP 2024 national totals before the Degree of Urbanization classification was
applied.

e Hazard Covariates: The CRISP suitability modelling incorporates natural hazard data to constrain
built-up allocation. Specifically, the model uses: the Global Flood Awareness System (GloFAS)
Flood hazard map of the World from the European Commission Joint Research Centre; the Global
Earthquake Model (GEM) Global Seismic Hazard Map v2023.1; and the Global Facility for
Disaster Reduction and Recovery (GFDRR) Global Landslide hazard map. These hazard layers
inform the spatial suitability scores, reducing the likelihood of new built-up allocation in high-risk

arcas.

e Multi-Temporal Urban Centre Tracking (MTUC): Urban centres can undergo various spatial
changes including expansion, shrinkage, splits, merges, shifts, births (settlements reaching density
and size thresholds), and deaths (settlements falling below thresholds). The MTUC methodology
(Pesaresi and others, 2024) addresses these dynamics by setting 2025 as the reference year to define
the list of urban centre IDs to track, adding future or past urban centres as needed, and linking
boundaries across time through overlap analysis.
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The urban centres of the reference year are not allowed to split or merge to ensure that the evolution
of these can be tracked over time. In general, urban centres rarely merge or split, but it is more
common for the large ones. As a result, it was important to develop this methodology to describe
their changes over time.

If an urban centre in the reference year consisted of multiple urban centres in the past, these are
kept together and assigned the same ID. For example, in 2000 there are nine separate urban centres
within the boundary of the 2025 urban centre of Shanghai (see Figure I11.10, panel A). To allow
meaningful analysis over time, these nine urban centres are kept together by assigning them the
same ID. This produces a more accurate trend as compared to letting the eight surrounding urban
centres ‘die’ and only considering the largest urban centre in 2000.

When an urban centre merges with another urban centre, they are kept separate by using a gravity
model to assign the new cells to each urban centre. For example, the urban centre of Lagos has
become contiguous with four other urban centres in 2050 (see Figure I11.10, panel B). These four
urban centres are kept separate to allow for a meaningful analysis over time. This produces a more
accurate trend as compared to letting the four urban centres ‘die’ and adding their population to
Lagos.

Figure 1ll.10 Evolution of urban centres for selected cities based on DEGURBA
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Quality Control: A plausibility test model was developed using a data-driven decision ensemble
methodology to assess the reliability of the multi-temporal population figures for each urban centre.
This ensemble is supported by univariate linear regression stratified by World Bank Income Group
and by year. The predictors included independent population raster grids (LandScan ambient
population and WorldPop) and multiple land-use raster grids (ESRI, Copernicus Global Land
Cover, ESA World Cover, and World Settlement Footprint layers). Plausibility values ranging from
0 (low) to 3 (very high) are assigned based on the ratio between MTUC figures and independent
estimates, helping to identify potential artifacts from residual erroneous values in input census data
or spatial encoding errors.
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IV. CONCLUSION

The 2025 revision of the World Urbanization Prospects represents a major step forward in measuring and
analyzing settlement trends. By integrating the Degree of Urbanization methodology with traditional
national definitions, this edition provides a more nuanced and internationally comparable view of settlement
patterns while maintaining continuity with official statistics. The use of gridded population and built-up
area data, combined with improved estimation and projection techniques, enhances the accuracy and
relevance of the results for both global monitoring and national policy applications.

The trends in the population residing in cities, towns, and rural areas, as well as their corresponding built-
up areas, will continue to shape demographic, economic, and environmental outcomes worldwide. Reliable
data and robust methods are essential for understanding these dynamics and designing policies that promote
inclusive, safe, resilient, and sustainable cities and human settlements, in line with the 2030 Agenda for
Sustainable Development and the New Urban Agenda. The methodological innovations introduced in this
revision strengthen the capacity of the international statistical system to monitor relevant SDG indicators
and support evidence-based decision-making at all levels of government.

Current limitations:

Although the 2025 revision represents a substantial methodological advance, several limitations should be
acknowledged. First, the Degree of Urbanization estimates are inherently dependent on the quality, spatial
resolution and recency of the underlying population grids. Heterogeneity in the size of spatial units used by
different countries to report census results means that the 1 km? population grids are more heavily modelled
for some countries than for others, introducing varying degrees of uncertainty. Similarly, the accuracy of
satellite imagery has improved significantly over time, meaning that estimates based on lower-resolution
imagery, particularly before the 1990s, have greater uncertainty than more recent analyses.

Second, the application of the DEGURBA methodology to islands and small populations presents specific
challenges. The globally harmonized thresholds for population size and density may not always capture the
settlement patterns that characterize these contexts, potentially affecting the comparability of results for
Small Island Developing States and other territories with unique geographic characteristics.

Third, the current framework does not incorporate alternative population scenarios or probabilistic
uncertainty bounds. The projections are based on a single medium-variant scenario consistent with the
World Population Prospects 2024, without providing a range of possible outcomes that would help users
assess projection uncertainty. This limits the utility of projections for planning purposes, where
understanding the range of potential futures is essential.

Fourth, the methodology does not yet provide an explicit decomposition of urban growth into its component
drivers, including age and sex structure, natural increase versus net migration, and the reclassification of
areas from rural to urban. Such decomposition would provide valuable insights into the mechanisms
underlying urbanization trends and support more targeted policy interventions.

Future research agenda:

Future work by the Population Division and its partners will focus on addressing these limitations, further
refining these methods, and addressing the current data gaps. Several priority areas for research and
development have been identified.

First, assessing the accuracy of long-range projections extending to 2100, particularly for individual cities,
remains a critical research priority. The CRISP model projections presented in this revision extend to the
end of the century, but the uncertainty surrounding such distant projections increases substantially over
time. Systematic validation against emerging data and the development of methods to quantify projection
uncertainty will be essential for improving the reliability of long-range urban population scenarios.
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Second, incorporating uncertainty quantification for both estimates and projections represents a high
priority for future revisions. This includes developing probabilistic frameworks that can provide credible
intervals around urbanization estimates and projection ranges that reflect the full distribution of possible
outcomes of urbanization. Such uncertainty measures would enhance the policy relevance of the data by
helping decision-makers understand the confidence that can be placed in the different aspects of the results.

Third, developing projection scenarios linked to Representative Concentration Pathways (RCPs) and
assessing the potential climate change impacts on urbanization patterns represent important avenues for
future research. Climate change will increasingly influence where people live and how cities develop, and
integrating climate scenarios into urbanization projections would provide essential information for
adaptation planning and resilient urban development.

Fourth, distinguishing between residential and non-residential built-up areas would enhance the analytical
utility of the GHSL-based estimates. The current built-up surface data include both residential structures
and non-residential land uses, such as industrial facilities, commercial areas, and infrastructure. Separating
these categories would enable a more precise analysis of residential density, housing conditions, and the
efficiency of land use for human habitation.

Fifth, developing methods to track the longitudinal evolution of towns into cities would provide valuable
insights into the urbanization process. Understanding how settlements transition across the urban-rural
continuum—from villages to towns to cities—over extended time periods would help identify the factors
that drive settlement growth and inform policies aimed at managing urban transitions.

Sixth, developing a global time series of functional urban areas for urban agglomerations and metropolitan
areas represents an important methodological frontier. Functional urban areas capture the economic and
social reach of cities beyond their administrative or morphological boundaries, encompassing commuting
zones and areas of economic integration. Such delineations would complement the settlement-based
approach of the Degree of Urbanization and support analyses of metropolitan governance, regional
planning, and economic development.

Finally, future revisions will focus on further improving the methodology proposed here for projections
based on national definitions to avoid the extreme projection cases encountered in this revision. Continued
collaboration among national statistical offices, international organizations, and research institutions will
be critical to advancing the measurement of urbanization and ensuring that data remain timely, accurate,
and policy-relevant. By addressing these limitations and pursuing these research priorities, future editions
of the World Urbanization Prospects will continue to strengthen the evidence base for sustainable urban
development worldwide.
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V. ANNEXES

A.  Evaluation of alternative statistical models
to project the proportion urban based on national definitions

In preparation for the World Urbanization Prospects 2025, the Population Division conducted a
rigorous evaluation of various statistical modelling approaches to identify the most robust method for
projecting the proportion of the population living in urban areas based on national definitions. While
the final methodology adopted a country-specific weighted logistic regression with structural change
detection (as detailed in chapter III.A), several alternative models were tested and ultimately discarded
because of performance limitations. Candidate models were assessed using out-of-sample validation
over the historical estimation period (1945-2010) and a qualitative review of country fits, with emphasis
on performance under sparse and irregularly spaced observations and on producing plausible long-term
projections.

The model exploration was comprehensive, encompassing approaches ranging from global models to
complex covariate-based regressions. Specifically, the following hypotheses were tested:

Global logistic regression models were applied to all countries simultaneously;

Clustering algorithms to group countries for shared modelling;

Flexible 3-parameter logistic models;

Models incorporating demographic covariates (e.g., international net migration rate, population

density, annual population growth rate, total fertility rate, and under-5 mortality rate);

e Models utilizing Degree of Urbanization and national definition criteria (e.g., administrative
criteria, economic criteria, population size, or urban characteristic criteria) as covariates; and

e Various autoregressive and time-normalized formulations were used.

This annex provides a detailed technical description of these alternative approaches and documents the
specific reasons for their exclusion, which primarily included inconsistent goodness-of-fit across
diverse national data series, computational failures with sparse data, or the generation of implausible
long-term projections.

1) Global logistic regression

Rather than fitting separate country-specific logistic regression models, a single model was explored
for all countries:

1
= T+ exp(—(By + Bit + B))

where c is country ¢, and S, is the country specific regression coefficient.

PU

The fit of this model was inconsistent with the data. For some countries, the fit was worse than for the
country-specific model (for example, Saint Helena; see figure V.1, Panel A), while for others, it was
very similar (for example, Peru; see V.1, Panel B) or slightly better (for example, Serbia see figure V.1,
Panel C). Because it was not consistently better than the country-specific model or even the model used
previously (WUP18), this modelling approach was discarded.
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Figure V.1 Global vs. country-specific logistic projection models and out-of-sample predictions
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2) Clustering

Rather than relying on a single global model or dividing countries into two population-size categories
as in WUP 2018, a data-driven approach was explored to group countries and territories, with the
intention of subsequently fitting models to these groups. This task proved challenging due to the time-
series nature of the data. To address this, constrained clustering was applied, requiring all observations
from the same country or territory to be assigned to the same cluster. However, the resulting
performance was poor.

The clustering algorithm produced six groups, with 203 countries or territories placed in one cluster, 20
in another, five in a third, two each in the fourth and fifth clusters, and only a single country or territory
in the sixth cluster. In addition, the allocation of countries and territories across clusters was not
substantively meaningful. For instance, Pakistan and Brazil were assigned to the same cluster, despite
their urbanization trajectories being markedly different, as illustrated in Figure V.2. Fitting a single
model to both trajectories would therefore be less appropriate than fitting separate country-specific
models.

The weak performance may reflect convergence to a local minimum or insufficient tuning of the
clustering algorithm. This possibility was not explored further, as the selected country-specific
modelling approach demonstrated satisfactory performance.

39 United Nations Department of Economic and Social Aftairs/Population Division



World Urbanization Prospects 2025: Methodology of the United Nations Urbanization Estimates and Projections

Figure V.2 Sample country clustering based on urbanization trajectories and national definitions
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3) Three-parameter logistic regression

Instead of simple logistic regression, a more flexible three-parameter logistic model was explored,
with parameters, Asym, xmid, and scal, defined as:

Asym
(xmid —t

PU, =
t scal)

Unlike the simple logistic specification, this formulation includes an additional asymptote parameter,
Asym, rather than fixing the upper bound at 1. The model can be estimated in R using the nls function.

1+exp

In practice, the model was successfully fitted for only about one-third of the countries and territories.
Among those cases, performance varied: in some instances the three-parameter model provided an
improved fit relative to simple logistic regression (for example, Afghanistan; see Figure V.3, Panel A),
while in others it performed worse (for example, Malaysia; see Figure V.3, Panel B) or yielded only
marginal differences (for example, Fiji; see Figure V.3, Panel C). An attempt was also made to estimate
this specification using a mixed-effects framework with a country-level effect, but this approach failed
due to algorithmic or computational limitations.

On the basis of these results, further development focused on refining the simple logistic regression
model—through the introduction of interpolation, structural change, and weighted regression, as
described in Chapter III.A.2—rather than continuing with the three-parameter logistic regression
approach.
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Figure V.3 Three-parameters vs. simple logistic projection models and out-of-sample predictions
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4) Logistic regression with additional covariates

In addition to the baseline logistic regression specification, several logistic regression models
incorporating covariates other than time were explored. These included:

a) Logistic regression with demographic covariates

This included a country-specific model with multiple demographic covariates used to predict the
proportion urban:

PU, =

1
1+exp(—(By + BLE0, + Bynetmig, + Bspopndens, + Bypopngrowth, + BsTFR, + BsU5q.))

In this formulation, netmig denotes the international net migration rate, popndens the population
density, popngrowth the annual population growth rate, TFR the total fertility rate, and U5q the under
5 mortality rate. All covariate data were obtained from World Population Prospects 2024.

This model was successfully fitted for 44 countries; however, the resulting projections were generally
poor. For a small number of countries, the projections appeared reasonable (for example, Liechtenstein;
see Figure V.4, Panel A), while for many others they were implausible (for example, Maldives and
South Africa; see Figure V.4, Panels B and C). In many cases, no clear or stable association was evident
between these covariates and the proportion of the population living in urban areas (for example,
Azerbaijan; see Figure V.5), or the relationship appeared highly complex and context-specific (for
example, French Polynesia; see Figure V.6).

When the model specification was simplified to include only popndens and popngrowth as predictors,
the model could be fitted for 209 countries. Using popndens alone increased coverage to 219 countries,
while using popngrowth alone increased it to 221 countries. However, because projection performance
remained inconsistent across specifications, this modelling approach was ultimately discarded.
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Figure V.4 Covariates vs. simple logistic projection models and out-of-sample predictions
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Figure V.5 Azerbaijan bivariate relationships between proportion urban and demographic covariates
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b) Logistic regression with Degree of Urbanization covariates

A country-specific logistic regression model was explored in which the proportion of the population
living in cities and towns, as defined by the Degree of Urbanization (DEGURBA), was included as a
covariate:

_ 1

~ 1+4exp(—(B, + Bicities, + B,towns,))

PU,

In this specification, cities denotes the proportion of the population living in cities, and towns the
proportion living in towns, according to the DEGURBA classification. This model was successfully
fitted to 174 countries.

A simplified specification was also examined by combining the two covariates into a single measure:

1

PU, =
© 7 1 4exp(—(B, + pyurblocs, ))

where urblocs = cities + towns represents the proportion of the population living in cities or towns
according to DEGURBA. This model was successfully fitted to 215 countries.

For some countries, the single-covariate specification yielded an improved fit—for example, Haiti (see
Figure V.6, Panel A) and Afghanistan (see Figure V.6, Panel B). Nevertheless, even in these cases,
model performance was often inferior to that of either the WUP 2018 model or the simple logistic
regression model. In other contexts, both DEGURBA-based specifications performed poorly, as
illustrated by Angola (see Figure V.6, Panel C). Owing to this generally weak performance, this
modelling approach was ultimately discarded.

Figure V.6 DEGURBA covariates vs. simple logistic projection models and out-of-sample predictions

Panel A: Haiti Panel B: Afghanistan

19 10

03 0

i) 08

logislic medsl

= DolJ cavariatis lagistic model

Dol 1 cowariate Iogistic mace Mol 1 covariare Ingistic mace

—UP16 madel 04 - UP 8 model

.
.
03 . [iK]
-
.

Propartion urban
Propartion urban
5 & 2

M0 1950 t@E0 1870 19A0 a0 2000 2010 E0an  2eAn ‘dan 190 1980 de7a tsen R0 000 2ON0 Z0R0 2030
Year Year

Panel C: Angola

ol 1 e e g stz mass:
04 hi —WUP 1B model

Propartion urban

o1 .
.

1930 1960 19BC 970 19RO 1980 PEI0 2010 2070 2030
Year

43 United Nations Department of Economic and Social Aftairs/Population Division



World Urbanization Prospects 2025: Methodology of the United Nations Urbanization Estimates and Projections

¢) Logistic regression with national urbanization criteria covariates

As discussed in Chapter II.A, substantial variation exists in national definitions of urban areas and in
the criteria used to define them. To account for this heterogeneity, the following logistic regression
model was considered:

1

PU, =
“ 7 1+exp(—(By + Pradm, + Breco, + Pspop, + Byurh,))

In this specification, the covariates are binary indicators denoting the criteria used in the national
definition of urban areas: adm indicates administrative criteria, eco indicates economic criteria, pop
indicates population-size criteria, and urb indicates urban-characteristic criteria. This model could not
be successfully fitted for any country.

Simplified versions of the model were subsequently examined as follows:

o [iadm; + Byeco; + B3pop; This model could be fitted only for Azerbaijan
e [iadm; + B,eco, This model could be fitted for only 11 countries
e Biadm; This simplest model could be fitted for 95 countries

To address the fitting challenges, the model was re-estimated by incorporating structural change and
interpolation:
1
B 1+exp(—=(By + Bradm; + Breco; + Pspop; + Psurb; + Pst)wy)
Here, adm, eco, pop, urb are binary indicators for whether the national definition employs

administrative, economic, population-size, and urban-characteristic criteria, respectively. The weight
w; = 1 for observed values of PU, otherwise w; = 0.5 for interpolated values.

PU,

As in the structural change models described earlier, the ‘strucchange’ package was used to identify
breaks in the time trend, after which interpolation was applied to construct annual series. Despite these
adjustments, the model still failed to converge for most countries.

Closer inspection of the data suggested that urbanization criteria are generally weak covariates for
modelling trends in the proportion urban. In particular, for many countries the criteria defining urban
areas have remained unchanged—or have changed only once—over the past six decades, and such
changes often do not coincide with shifts in the level of urbanization. Examples of this disconnect can
be seen in the cases of Belarus (see Figure V.7) and Spain (see Figure V.8).
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Figure V.7 Logistic regression with national urbanization criteria for Belarus
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Figure V.8 Logistic regression with national urbanization criteria for Spain
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5) Time normalized log autoregression

Autoregressive models are among the most commonly used approaches for time-series data and were
therefore examined in this context. Given the irregular spacing of observations, the following
specification was considered:

PUty
log _PUty_l
——————=Bo+ BPU;, 4
ty - ty_l y
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PU.
where the logarithmic change between consecutive observations, log <P 2] ), is standardized by the
fy—l
time interval between observations, t, —t,_;. This formulation has the additional advantage of
ensuring that predicted values of the proportion urban remain bounded between 0 and 1. After

PU¢
y
log(PUty—1>

ty—ty_
y ty-1
model can be estimated using simple linear regression.

computing the time-normalized log ratio for each pair of consecutive observations, the

In some cases, this approach yielded reasonable results, as illustrated by Albania (see Figure V.9, Panel
A). In many other cases, however, the resulting projections were excessively extreme, such as for
Antigua and Barbuda (see Figure V.9, Panel B) and Azerbaijan (see Figure V.9, Panel C). Owing to
this instability, the model was not retained.

A similar model was also explored:

PU,

log PU, |
=By + Bit
ty ty—l :80 ﬁly

in which the time-normalized logarithmic change between observations is modelled as a function of
time rather than autoregressively. This alternative formulation performed even worse than the
autoregressive specification and was therefore not pursued further.

Figure V.9 Time normalized log autoregression vs. simple logistic projection models and out-of-sample
predictions
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B. Data Dissemination Platform

All components of the data information and dissemination system have been updated to improve
accessibility and usability for a wide range of users. The updated platform includes several
interconnected components designed to facilitate access to the WUP 2025 data and metadata.

The platform includes:

(a) an inventory of available data (DataCatalog) accessible at
https://popdiv.dfs.un.org/DemoData/api/open/dataCatalogs ;

(b) arepository (DataArchive) of national input data sources ;

(c) adatabase (DemoData) accessible at https://popdiv.dfs.un.org/demodata/web/ to store and
update information on urban population based on national definitions, and to dynamically
query data via an open API'® ;

(d) a structured set of metadata used to document and codify national definitions by urban
criteria
(https://population.un.org/wup/downloads?tab=Sources%20and%20Documentation) ;

(e) a dissemination platform (DataPortal) accessible at https://population.un.org/dataportal to
provide access to all output and input data at the country or area level in tabular form, to
create interactive visualizations and to query data via an open Application Programming
Interface (API)."

C. Supplementary Online Resources

The following supplementary online resources are available for users seeking additional
information:

statistical tables for Degree of Urbanization results and national urban definitions available in
both Excel worksheets, and ASCII CSV format for bulk download and database use at
https://population.un.org/wup/ ;

an  interactive  data  portal for data  queries and  visualization  at
https://population.un.org/dataportal/ ;

detailed regional and country profiles at https://population.un.org/wup/countryprofiles ;

metadata and methodological documentation at https://population.un.org/wup/downloads and
https://population.un.org/wup/publications ; and

GIS datasets and maps, including the GHS Urban Centre Database (GHS-UCDB), at
https://human-settlement.emergency.copernicus.eu/ghs wup2025.php.

For further details about the geospatial application of the Degree of Urbanization methodology,
readers are recommended to visit the website of the GHSL - Global Human Settlement Layer,
specifically for interactive maps (https:/human-settlement.emergency.copernicus.eu/raster.php)
highlighting the change in geospatial distribution over time for specific urban areas worldwide (see

Indonesia example) and for cities with more than 1 million population (https://human-
settlement.emergency.copernicus.eu/cities.php).

18 See DemoData open API documentation (https://popdiv.dfs.un.org//Demodata/swagger/ui/index#) and DDSQLtools R package (Riffe and
others, 2022b) to query empirical data for selected locations and indicators using R.

19 See DataPortal open API user guide (https://population.un.org/dataportal/about/dataapi) for R and Python tutorials and technical
documentation.
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Figure V.10 View of the Degree of Urbanization distribution in Indonesia in 2025
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